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Introduction: Crop diversification from grain to non-grain production is often considered a threat to food security in many populous countries with limited arable land. Yet its potential spillover effect has not been fully studied. This study explores a unique plot-level dataset to particularly quantify the spillover effect of non-grain production on the land rental price of grain production from the perspective of factor opportunity cost and proposes corresponding land management strategies.
Methods: Data used in this study came from a field survey conducted in Jiangsu province. OLS method was employed to test the effect of non-grain production on the rent price of grain production farmland, combined with plot-level heterogeneity analysis. In addition, Quantile method was used for robustness check.
Results: Our main finding indicates that converting land use from grain production to non-grain production significantly increases the land rental rate of surrounding plots for grain production by 222.02 yuan/mu, accounting for 28.75% of the total land rent (772.25 yuan/mu). This spillover effect exhibits a stronger trend as the contracted land scale expands. However, the kin relationship among contract parties can weaken this effect, indicating that social ties can work as a mediator in offsetting the negative shock of the rental rate increase due to non-grain production. In order to keep the land rent under control, rural land use is actively harnessed by local governments at a guided price.
Discussion: Based on the empirical results, the study recommends comprehensive land use planning and a regionally regulated land transfer market in order to achieve a balance between food security and a diversified agricultural structure.
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1 Introduction

The farmland use transition to non-grain production has become a widespread phenomenon in China, especially in coastal and central granary areas where arable land is of high quality (Tang et al., 2021). Grain acreage has witnessed a consecutive decline since 2016. In 2019, it dropped to 116063.6 thousand hectares, only accounting for 69.95% of total cultivated areas for all kinds of crops. This fact indicates that grain production and food security may be faced with new risks despite a series of supportive policies aimed at improving farmers’ willingness to plant grain crops. Non-grain production is defined as the conversion of large quantities of farmland to other crops, such as nursery plantations, cash crops, and poultry farming. Intuitively, a farmer’s crop selection is heavily driven by the comparative profit of different crops. Rapid urbanization and economic progress dramatically change consumers’ daily eating patterns from a carbohydrate-oriented style to a more diversified habitat, leading to more consumption of vegetables, fruits, and protein. This demand-side switch transmits from the price mechanism and causes a lower profit from grain production (Yu, 2018). Data in the National Compilation of Cost–Benefit of Agricultural Products adds evidence to this conclusion. In 2018, the average production cost of rice, wheat, and soybeans in China was 526.49 yuan/mu1 while the average profit from these three crops was only 481.69 yuan/mu, resulting in a cost–benefit rate of −7.83%. This figure declined by 14.94% compared with 5 years ago. At the same time, the average cost–benefit rate of vegetables was 39.14%, and the value of apples was 53.29%. The noteworthy profit disparity between cereal crops and cash crops attracts farmers to non-grain production in spite of higher production risk and investment.

Although non-grain production brings wealth to farmers and prevents further rural–urban income gaps, it cannot be ignored that the major aim of farmland use is to provide sufficient food and ensure food security through political means (Leonhardt et al., 2019; Tongwei et al., 2020). This is not only for China but also essential at the global level (Aziz et al., 2021a, 2022). In the post-epidemic era, climate change, constraints on resources, the COVID-19 pandemic, and geopolitical conflicts amplify food security, particularly in developing countries (Koondhar et al., 2021; Aziz et al., 2021b). Thus, maintaining food affordability and ensuring the benefits of agricultural progress reach a broader population are of great importance. To achieve this goal, food security has been put on the top agenda by the Chinese government. The principle of agricultural and farmland policy is to ‘ensure the basic supply of cereal and the absolute self-sufficiency of grain ration’. In 2022, the Central First File stressed again that non-grain production should be alerted and food security should be achieved through 0.65 trillion kilograms of grain production.

While a large body of studies have focused on the driving force of increasing farmland rent (Kan, 2021; Sikorska, 2010), the effect of non-grain production has received less attention. Dating back to the early days when land transfer was allowed, food security was hardly maintained, resulting in insufficient cereal provision. Under this circumstance, the use of farmland was strictly charged by the government. Restrictions on land use had been gradually removed when grain output experienced a continuous increase, along with rapid demand for diversified agricultural products. As market mechanisms are an essential symbol of the development of the land transfer market (Coelli et al., 2002; Olagunju et al., 2022), non-grain production of farmland is par for the cause considering its higher return to land. Governments in some areas tacitly approve of this land use change; some even encourage it (Wu et al., 2019; Qian et al., 2022; Shi, 2022). With the emergence of non-grain production, land use has been expanded, hand in hand with the enhanced potential value (Lai et al., 2014; Qiu et al., 2021). Zhang et al. (2023) focus on the Guanzhong Region in China and find that non-grain production of cultivated land (NGPOCL) had become worse between 2000 and 2018. The NGPOCL severity and area increased by 10.79 and 31.30%, respectively. Wu et al. (2023) explore a similar trend in the non-grain production of cultivated land, especially after 2017. Farmers need to pay higher rent to rent in the land, no matter the plots are used for grain production or non-grain production purpose (Tang et al., 2021).

Several studies have investigated the effects of non-grain production. Environmentally, the conversion to non-grain production can lead to severe pressure on the local environment by accelerating soil erosion, threatening local biodiversity, and aggravating non-point source pollution (Ziegler et al., 2009; Quinn et al., 2015; Chatvijitkul et al., 2017; Bussi et al., 2018). In terms of socio-economic impacts, this change may pose a threat to food security by altering agricultural structures. For instance, Ge et al. (2018) constructed a per capita farmland area (PCEA) metric and found that farmland transition was driven by changes in agricultural labor, which led to grain production to spatial difference, i.e., South China experienced a declining trend in grain production. Another line of research investigated this effect from the perspective of time and space. Yue et al. (2019) used multi-temporal high-resolution aerial photographs from 2005 to 2015 in China to investigate the trends of four categories of non-grain production (pond farming, duck rearing, nursery plantation, and vegetable production). Their results revealed that non-grain production exhibited strong spatial auto-correlation and conspicuous regional disparities due to local traditions and the clustering effect.

Non-grain production increases the cost of grain production by improving the opportunity cost of land (Haile et al., 2014; Su et al., 2019). It is widely believed that comparative low benefit leads to non-grain production, and grain acreage will increase following the increase in grain price (Su et al., 2019). However, there is also contradictory evidence. Tang et al. (2021) found that the potential value of farmland may be changed with its use transition, and it can also lead to a spatial spillover effect on adjacent plots. Benefits from cash crops are generally higher than those from cereal crops. Thus, non-grain production is an activity with high input and high return. This will further increase the opportunity cost of grain production and lower its benefits. Grain production costs are dominated by labor costs, land rent, and material fees. Considering the expansion of the chemical industry and the development of social services, adverse effects brought by non-grain production on labor costs and material fees will be tampered with. The other important cost, land rent, however, will increase due to the inelastic supply of farmland.

In light of these considerations, it is of interest to investigate the exact effect of non-grain production on farmland rent. The aims of this study are (1) to test the hypothesis that farmland use transition to non-grain production has a positive spillover effect on the land rent of grain production and (2) to investigate the circumstances of farmers’ characteristics and governmental intervention that may cause or counteract this purposed relationship. To address both aims, we first use basic regression analysis of first-hand survey data, both at the farmer and plot level. To obtain a deeper insight into the heterogeneity of this relationship, we then employ quantile regression and divide the full sample into subgroups. The present study contributes to the literature on non-grain production and food production in three aspects. First, we try to find a pathway to maintain the balance between grain production and crop diversity to meet the dual goals of food security and food diversification. Non-grain production on cropland should be clustered to avoid widespread negative spillover effects. Second, it is an attempt to enrich the body of literature by expanding its study perspective from opportunity production cost, while existing research mainly focuses on how non-grain production affects the sown area of food crops. Third, we also propose farmland governance strategies in order to control the land rent for grain production at a reasonable level by introducing guided prices and informal land contracts.

The remainder of the study is organized as follows: Section 2 provides background information and a theoretical framework. Section 3 portrays the data sources and empirical strategy applied in this study. Section 4 presents the main results of the empirical analysis. The last section draws conclusions and proposes some policy implications based on previous analysis.



2 Farmland rental market in rural China

As land is an important input for all industries and its provision is constrained by natural resources, land transfer in rural areas was far from active before 2000 (Benjamin and Brandt, 2002). With the economic prosperity of the 21st century and a large amount of labor force released from the agricultural sector, farmland transfer became more popular nationwide, especially in the Yangtze River Delta regions. In the very beginning, land transfers usually happened in an informal way. Farmers who turned to off-farm employment were inclined to leave their land to friends or relatives. An oral agreement instead of a formal written contract was used. Under this circumstance, crop rent other than cash rent was preferred by land lessors, and rental duration was not fixed. This means the transaction will continue from year to year until one of the parties decides to end it. These characteristics together indicate that trust and social networks play a prominent role in rural farmland markets. Due to the deficiency of the land market in rural areas, land lessors prefer to select kinship-related tenants to increase tenure security and avoid potential risk during the transaction (Holden and Tilahun, 2021).

‘Rural Land Contract Law’ came into effect in 2003, marking the permission of land transfer from a national perspective. It is believed that farm size could be improved through land transfer, and along with the development of agricultural outsourcing, agricultural productivity and efficiency can also rise to a higher level (Heltberg, 1998; Helfand and Levine, 2004). In 2008 and 2009, the promotion of farmland transfer was proposed formally in the ‘Central No.1 Document’. Responding to the call of the central government, the government at the local level promulgated a number of policies and regulations. Jiangsu province, as an example, introduced both direct and indirect subsidies to promote land transfer. At the same time, more guidance on land transfer implementation has been proposed in order to make the land rental market a standardized one.



3 Theoretical framework

Extensive and in-depth studies have been performed concerning price formation in industrial land areas, whereas theories of farmland pricing are still limited. Marx, in his theory, first pointed out that the land price was determined by the profit that land can create (Hirashima, 2008), which essentially manifested the capital value of the land. This study draws from the application of the income capitalization approach, which allows investigators to estimate the value of land based on the income it generates. It is used by taking the net operating income (NOI) of the rent collected and dividing it by the capitalization rate. Expanded to farmland, land rent is a reflection of the land price. Keeping the viewpoint of Marx, it is assumed that TR indicates total land rent in the terms of the land lease contract, and the land lease term is n years. At time t, the expected profit of farmland is equal to [image: "ERₜ" displayed in an italic font, representing a mathematical or financial notation.], which may be influenced by farmland characteristics and grain price (indicated by a vector X), such as soil fertility, irrigation conditions, and topography, and [image: Equation depicting the mathematical symbol \( r \) with a subscript \( t \) includes an accent mark suggesting a special notation or transformation.] represents the discount rate. Therefore, the land rent can be expressed as Eq. (1):

[image: Mathematical formula with the equation: TR equals the sum from t equals one to n of ER sub t of X divided by r sub t. Equation is labeled as number one.]

We modify the model by introducing the emergence of non-grain production into the above equation. With the relaxation of policy, land leases are able to adjust the agricultural planting structure based on consensus with the leaser. Producing grain or non-grain crops (such as horticultural products) has an impact on the expected profit of the farmland, which then has an effect on the land rent. Intuitively, it will lead to a higher profit when the farmland is leased out for non-grain production. In order to simplify the subsequent analysis, we hold the assumption that the profit from economic crop production is α times grain production.

Moreover, which species are planted depends on the opportunity cost of land (Hartwick, 1989; Renkow, 1993; Raiklin, 1998), and in turn, land rent may affect the choice of planted species. When the land leaser no longer has a strong social security function, then it is not essential for the landlord to lease the farmland either for grain production or non-grain production. The leaser’s ultimate goal is to maximize the income obtained from the farmland. In the existing studies, numerous scholars have neglected the spillover effect of higher land rents for non-grain production on the surrounding land rents for grain production. Facing the higher land rent obtained by the surrounding land leaser because of non-grain production, the leaser will also require a higher land rent even if the land is leased for grain production. Of course, not all farmland is suitable for non-grain production. When there is more non-grain production in the surrounding area, there are more opportunities for the leaser to lease farmland to farmers who are engaged in non-grain production, and there are also more opportunities to get higher land rent. Assuming there is a coefficient β between 1 and α, indicating the spillover effect of non-grain production on the land rent of grain production (see Figure 1). The modified equation for land rent for grain production can be expressed as follows:

[image: Diagram showing a grid of plots, alternating between grain production and non-grain production with higher land rent. Arrows indicate a spillover effect between adjacent plots. Legend explains shading and arrow meaning.]

FIGURE 1
 Spillover effect of non-grain production on land rent.


[image: The formula shown is "TR equals the sum from t equals 1 to n of the fraction beta E R sub t of X over r sub t."]

With the rapid development of the land transfer market, China’s agricultural land transfer market is characterized by the relaxation of transfer use control. Based on the above analysis, we have come up with two hypotheses that need to be tested in the current study.


H1: The emergence of farmland use transition to non-grain production has a positive spillover effect on the land rent of grain production.
H2: With the higher land rent of non-grain production, the land rent of the plots leased for grain production will also rise.





4 Methodology


4.1 Study sites

The study was conducted in Jiangsu Province. It is not only one of the country’s 13 major grain production areas but also witnesses a large amount of non-grain production. These two characteristics make Jiangsu Province representative on a national scale. Within the province, agricultural production is mainly concentrated in the central and northern parts. In 2018, the total grain production of this province reached 36.6 million tons, accounting for 5.56% of the total national output and ranking sixth nationwide. Owing to the rapidly growing land rental market, farmland use transitions to non-grain production were accompanied by frequent land transfers. As it exemplifies non-grain production in rural China, Jiangsu was selected to comprehensively explore this phenomenon. As shown in Figure 2, from 1994 to 2001, farmland use change from grain production to non-grain production increased from 14.33 million hectares to 51.06 million hectares, with an average annual growth rate of 1.78%. In the past decade, the sown area of non-grain crops has increased by an average of 380.02 thousand hectares per year. Correspondingly, the share of sown area of grain crops decreased from 88.47 to 69.73%. This land use change not only poses a great threat to China’s potential to remain self-sufficient in food security but also has broader implications for crop production equilibrium.

[image: Area chart illustrating the proportion of grain crop planting area and non-grain sowing area in hectares from 1949 to 2021. Grain areas fluctuate, peaking around mid-1990s, then declining. Non-grain sowing increases steadily.]

FIGURE 2
 Crop diversification from grain production to non-grain production from 1949 to 2021.




4.2 Sampling and participants

The data used in this study were gathered from the field survey conducted in 2018 (see Figure 3). A multi-stage sampling method was adopted to select the participants in the middle and northern areas. The PPS Probability Proportionate to Size Sampling (PPS) technique was also employed while selecting participant farmers. In the first stage, Yangzhou, Taizhou, and Suqian were chosen at the city level considering they make major contributions to the provincial grain production. In the next move, Gaoyou, Jiangdu, Jiangyan, Xinghua, and Sihong were selected at the county level, keeping in view the conditions regarding the farmland rent market. Among each county, two townships were randomly selected, while 8–10 large-scale farmers were chosen at the last step. To gather information, a structured questionnaire was used by trained enumerators. The questionnaire comprises information concerning farmland rent, agricultural production input and output, personal traits, and household demographic characteristics. Finally, 88 household samples were gathered, among which 19 were from Gaoyou, 19 from Jiangdu, 17 from Jiangyan, 19 from Xinghua, and 14 from Sihong. To get the plot information for these households, we first confirmed whether their farmland plots were physically connected. Then, the plots were further divided according to the characteristics of the land rental contract. With information gathered from both households and plots, 273 plot samples were obtained.

[image: Map of Jiangsu Province, China, highlighting Sihong, Gaoyou, Jiangdu, and Yizheng as sample counties in green. City boundaries, province boundaries, and cities are marked. An inset shows Jiangsu's location within China.]

FIGURE 3
 Map of the study area.


It is necessary to point out that the reliability of interpretation from empirical results can be hardly adversely affected by the limited farmer observation. First, this study focuses on the plot level, and the observations from the plot can provide sufficient information. Additionally, our research focuses on large-scale farmers and their plot information. The average area of our sampled farmland is 109.53 mu, which is relatively large compared with 5–10 mu in common-related research. Table 1 elicits the distribution and detailed information of the sampled farmland. The majority plots came from Gaoyou (n = 84), while the minority plots were from Sihong (n = 28). Correspondingly, the highest plots per household can be found in Gaoyou (n = 4.42), and Sihong witnesses the lowest plots per household owned (n = 2.00). On average, each farmer owns 3.1 plots, with 1 plot as the minimum value and 9 plots as the maximum. The average area of the plot is 108.53 mu.



TABLE 1 Description of the sampled plots.
[image: Table displaying data on farm plots across six regions, including the full sample. Columns list the number of plots, average, maximum, and minimum plots per farmer, and plot area in mu, with values for each region.]



4.3 Empirical strategy

To estimate the relationship between farmland use transition to non-grain production and rent, the following equation is introduced based on theoretical analysis in Eq. (2):

[image: The mathematical equation depicts a linear regression model: \( R = \alpha_0 + \alpha_1 \text{kind} + \alpha_2 \text{xrent} + \beta X_1 + \gamma X_2 + \delta X_3 + \varepsilon \).]

where R is the outcome variable, denoting the rent of farmland for grain production; [image: The word "kind" is shown in italicized serif font.] indicates the phenomenon of farmland use transition to non-grain production; [image: Text displays the word "xrent" in a serif font.] represents the interaction term of [image: Italicized text displaying the word "kind" in a serif font.] and the rent of farmland for non-grain production, which is the indicator to measure the transmission intensity of non-grain production land rent to grain-production land rent; [image: The image shows the mathematical expression "X" with a subscript "1".] is the vector of farmer’s characteristics; [image: Mathematical notation of the variable \(X_2\), indicating a subscripted version of the variable X.] indicates the vector of farmland information; [image: Please upload the image so I can help generate the alternative text for it.] represents the vector of land rental conract; [image: Lowercase Greek letter epsilon, represented in a standard serif font.] is the erro term. [image: Greek letters listed include alpha subscript zero, alpha subscript one, alpha subscript two, beta, gamma, and delta.] are the coefficients to be estimated.

As widely discussed, farmer individual characteristics, farmland characteristics, and agricultural policy were the most crucial factors influencing land rent for grain production (Koemle et al., 2019). Demographics of farmer households are captured by the farmer’s gender, age, educational background, family labor, and off-farm employment (Lanjouw, 1999; Tratnik et al., 2009; Holden and Tilahun, 2021). In addition, land rental contract characteristics, such as land leasing (Vejchodská et al., 2022), lease term of land (Deng et al., 2019), and village traits are expected to have an impact on land rent as well (Feng and Heerink, 2008; Barton, 2011; Appiah et al., 2020). Different from the basic production factor, land rent is not only determined by market equilibrium but also partially controlled by the state. Thus, agricultural policy and subsidy policy for farmland leases (Lackman, 1977; Koguashvili and Ramishvili, 2018) also play a role in rent determination. It also should be noted that some special form of rental contract, i.e., ‘social contract,’ can exist due to the attributes of Chinese rural acquaintance society. In this regard, market mechanisms are not the sole working force, and land rent can even drop to zero (Feng and Heerink, 2008; Tang et al., 2019).

In the empirical analysis, we begin with a series of benchmark models using the OLS estimate method. In Model 1–1, only the key independent variable and interaction term are included. In the second step, Model 1–2 is extended by introducing the farmer’s individual and household information. To account for plot-level heterogeneity, we employ variables to control the natural endowments of farmland and rental contract variation. The specification in Eq. (3) is also estimated by a quantile method in order to check the robustness of the results. Compared with classical linear regression, this method is based on minimizing asymmetrically weighted absolute residuals and is intended to estimate conditional median functions and a full range of other conditional quantile functions, which enables us to estimate the effect of farmland use transition on rent at different sites, and the stochastic relationship between random variables can be portrayed much better with more accuracy.

As the above specifications may eliminate farm-invariant characteristics, we cannot estimate whether different types of farms exhibit different effects of rental. To investigate this, we therefore split the full sample according to the following traits: (i) farm with small, medium, and large sizes. We order contracted land scales and group them into three categories equally. Each group is named small, medium, and large sizes, respectively. (ii) origin of the tenured farmland (from relatives or from other farmers).

The land tenure market in China is largely affected by the local government. As the ownership of farmland belongs to the community, the transfer of land is not determined by market equilibrium. In some areas, the ceiling price and floor price of rent are set by local governments or village committees. Keeping this external background in mind, we also introduce variables to evaluate the government’s effect on land rent.


4.3.1 Outcome variable

Land rent can be calculated in two ways. The first method is the annual rent approved by two parties, as the contract is a cash payment. Another measurement is an indirect way. In this case, land rent is relevant to a certain amount of cereal and converted to cash according to the minimum supportive price set by the central government (Zhang et al., 2019). In order to make the empirical results comparative, following Renkow (1993), we use the actual payment as the proxy for land rent.



4.3.2 Explanatory variables

The primary explanatory variable is the farmland use transition for non-grain production. This is a dummy variable in our study whose value equals ‘1’ when there is non-grain production, while ‘0’ is assigned when there is no such phenomenon. It is essential to identify the scope of non-grain production in practice, as the spillover effect could be too weak to recognize when distance increases. Therefore, respondents were asked ‘if there is non-grain production in the farmland within the village they live’ during the field research (Tongwei et al., 2020).

We also consider other factors and introduce them as control variables. Demographic characteristics are presented using age, gender, education background, training experience, leadership in the community, and farming experience (Tratnik et al., 2009; Koemle et al., 2019). Plot-level factors are characterized by the quality of farmland and the distance between the land and the house (Qian et al., 2020). Characteristics of a land rental contract include areas of land, relationships between the contract parties, duration or renewal expectation of contracts, whether contracts are written or oral, whether contracts are fixed, contract payment (by cash or by crop-sharing), and timing of rent payment (Olagunju et al., 2022).





5 Results and discussion


5.1 Descriptive statistics

Table 2 depicts the traits of farmers and their agricultural production. Overall, the majority of the study participants are male (82%), have an average middle school education (8.37), are in their 50 s (50.46), have no official position in the rural community (84%), and their average annual income from agriculture is 35, 300 yuan. The labor force per household averages 4.67. The results also indicate that respondents had rich experience in producing cereal crops, as 80% of them were trained before, and they stayed in farming for 7.67 years on average.



TABLE 2 Descriptive statistics of the respondent and their land.
[image: A table describing variables related to land rent and farm characteristics with their definitions, numerical counts, means, and standard deviations. Categories include outcome variables, key variables, demographics, land quality, contract characteristics, and timing of payment. The table provides information such as land rent in yuan per mu, demographics like gender and age, and details of contract terms.]

In terms of farmland and land rental contract characteristics, the quality of farmland in the study area is not much better than the provincial average. A total of 60.44% of the respondents evaluated their farmland as of medium quality, while only 26.37% confirmed their land was of high quality. The average distance between a plot and the farmhouse is about 2 kilometers. The overall farmland rent is averaged at 772.25 yuan per mu. However, the rent is much higher and reached 935.17 yuan per mu, where the use of farmland is more diversified than cereal crops. This result reveals that non-grain production mediates farmland rent by increasing the promising output of land. As the land rental market enables farmers to enlarge their farming scale, the rental contract is dominated by a written one (95%), whereas only a small proportion of contracts were agreed upon orally. A large share of the contacts are fixed in duration (91%). Only a small number of farmers rent farmland from their relatives (7%), implying a developed tenure market in the study regions and less possibility of ‘social contract.’ Most of the rent is paid in cash (92%), while the time of payment varies across contracts. A total of 76.19% of farmers choose an annual cash payment upfront at the time of contract agreement, while 12.82% of sampled farmers pay the rent after harvest. The proportion of farmers who paid the whole contract rent at once is only 10.99%.

Figure 4 shows an overview of the correlation between farmland use transition and its rent. The boxplot was characterized by statistical values such as mean, median, upper quartile, and lower quartile. The vertical coordinate was decomposed into two groups farmland with use transitions to non-grain production and farmland without use transitions. As the figure shows, it was obvious that the rent of farmland where there was no use transition was lower than that in areas that were occupied by other crops. This result indicated that our hypothesis may hold that non-grain production can improve farmland rent by changing the opportunity cost of land.

[image: Box plot showing land rent of grain production in yuan per mu, comparing areas with and without land transfer for non-grain production. Rent is higher where transfer exists, with more variability.]

FIGURE 4
 Box diagram of land rent of grain production.




5.2 Regression results of the baseline model

A series of OLS regression analyses were conducted as the benchmark models. Personal traits, household characteristics, farmland information, and rental contract characteristics were stepwise introduced from Model 1–1 to Model 1–4. The results confirmed our first hypothesis, H1, that farmland use transition to non-grain production has a positive spillover effect on the land rent of grain production. The rental price will increase by 222.02 yuan/mu as long as there is non-grain production in the area. Additionally, the rental price of the land with grain production will increase by 0.14 yuan/mu if the rental price of the land with non-grain production increases by 1 yuan/mu.

The coefficient on farmers’ characteristics showed statistical significance, indicating that personal traits did influence the rental price. As shown, education and skill training both have positive effects on farmland rental prices. This indicates that farmers with higher education and training experience tend to be less vulnerable to agricultural risks and are thus more willing to take a higher land rental price. These results are aligned with Feng et al. (2010), who also find a similar relationship between farmer’s involvement in agricultural production and land rent. Moreover, farmers’ age and family labor negatively affected farmland rental prices.

Keeping in view the characteristics at the plot level, the rental price of high-quality farmland is 54.83 yuan/mu higher than that of low-quality land. It is clear that high-quality farmland is more productive and profitable. Surprisingly, the coefficients of the indicator variable ‘distance between home and plot’ showed unexpected signs: the longer the distance between the plot and the farmer’s house, the higher the land rental price. This result contradicts our common sense. It is widely believed that the plots adjacent to farmers’ houses usually lead to a higher rental price as transporting manure or other inputs across large distances is costly and time-consuming (Leonhardt et al., 2019).

In terms of rental contract characteristics, the contracted land area (i.e., the size of the plot) showed a significant positive effect on the rental price. Large farming sizes are conducive to economies of scale (Lowder et al., 2016). Therefore, lessees have a higher willingness to pay for rented-in land with adjacent large plots. Concerning the contract form, the price of rent set by a written contract is 176.39 yuan/mu higher than that of an oral contract. Moreover, a higher rental price of 142.37 yuan/mu can be found in the contract, which is terminable at a fixed notice (1 year or two growing seasons) than an open-ended one. Usually, a written contract is more formal and has more regulations for the parties than an oral contract does. Beyond the contract format and duration, the social ties of the partners also play a role. When the rental transaction is conducted between acquaintances, such as relatives, friends, or familiar villagers, the rental price tends to be higher. As the results reveal, lessees get a 20.84 yuan/mu lower advantage if they have a kin or geographical relationship with the lessors. This result is consistent with existing studies arguing that a close social tie brings the lessees a price discount (Tang et al., 2019). Regarding the rental payment method, lessors prefer a cash payment rather than a crop payment. Thus, rent paid by cash is 98.25 yuan/mu lower compared with other payment methods. Though these results correspond with common beliefs, the notable fact that payment by crop would be overestimated using the national purchasing price should raise our concern. In terms of timing of payment, the rental price will increase by 70 to 80 yuan/mu if paid annually, compared with paying once. It makes no statistical difference if the rent is paid before or after (Table 3).



TABLE 3 Regression results of baseline model, OLS.
[image: Table showing regression results for land rent of grain production across four models. Variables include non-grain production nearby, Xrent, gender, age, education, leadership in community, training experience, and others. Coefficient values and standard errors are provided, with significance indicated by asterisks (*p<0.1, **p<0.05, ***p<0.01). R-squared values range from 0.734 to 0.846.]



5.3 Robustness check with quantile regression

The impact of non-grain production on rental prices has been tested with an OLS specification. To a considerable extent, we need to know if these spillover effects maintain the same intensity with variations in the outcome variable. In Table 4, the empirical method was substituted with quantile regression. The results showed that the phenomenon of non-grain production has a significant positive effect on rental prices at the lower quantile and mean levels. For each quantile level, the emergence of non-grain production will increase farmland rental prices by 440.77 yuan/mu and 286.17 yuan/mu, respectively. As the rental price reached a high level, the significant effect of non-grain production could still be found. In general, the marginal effect of non-grain production on land rent is decreasing. The results of quantile regression indicate that our conclusion is valid if the empirical strategy is replaced.



TABLE 4 Regression results from the quantile model.
[image: Table showing the land rent of grain production across QR_25, QR_50, and QR_75 quantiles. Non-grain production nearby values are 440.77*, 286.17*, and 144.91 with standard errors in parentheses. Xrent values are -0.07, 0.05, and 0.23* with respective standard errors. Other characteristics like farmer-specific, plot-specific, rental contract, and region are controlled. Asterisks indicate significance levels, with *p<0.1, **p<0.05, ***p<0.01.]



5.4 Heterogeneity analysis

Looking at the difference in the farming scale, statistically and economically significant effects can be found in Table 5. Among the three subgroups, the spillover effect of non-grain production on rental prices is not prominent for small-scale farmers. However, for farmers on medium and large scales, non-grain production shows an increasingly enhanced spillover effect. With the expansion of farm size, this effect became stronger. A possible explanation may lie in the bargaining power of the lessors. As large contracted areas can bring economies of scale, it is in lessors’ favor if their rental land is adjacent and has large plots. When the rent of nearby farmland is high due to the profitability of non-grain production, lessors tend to raise their rent as well.



TABLE 5 Heterogeneity analysis with control for farm size.
[image: Table comparing land rent of grain production across different scales: small, medium, and large. Variables include non-grain production nearby, Xrent, and several controlled characteristics like farmer, plot, rental contract, and region. Observations number ninety-one for each scale. Standard errors are in parentheses, with significance levels marked as * p<0.1, ** p<0.05, *** p<0.01.]

Contract parties are essential elements in determining the actual or shadow land rent. A notable fact in rural China is that a large amount of farmland was transferred among relatives or kin relationships, and the rent is lower than it should be on the market equilibrium. In some extreme cases, land rent can even drop to zero. Under such circumstances, rent is no longer a reflection of the endowment of plots but a combination of complex social ties. Table 6 shows the regression results decomposed by different contract parties. The source of rented land has been divided into two categories: one with kin relationships and the other without kin relationships. The coefficients of the two subgroups clearly showed that the existence of non-grain production has a greater impact on farmland rent if the transaction parties are not blood-related. It is observed in the literature that personal ties between contract parties can increase rental security. Joint measures shall be taken to avoid potential risks concerning the farmland (Tang et al., 2019).



TABLE 6 Heterogeneity analysis on the relationship between contract parties.
[image: Table comparing land rent of grain production based on contact type: "Relative or friends" shows a rent of 229.63 with standard error 75.375, "No personal contact" shows a rent of 583.29 with standard error 166.056. For Xrent, values are 0.14 with 0.079 standard error for "Relative or friends" and 0.01 with 0.011 standard error for "No personal contact". Both groups have controlled characteristics for farmer specifics, plot specifics, rental contract, and region. Number of observations: 203 for "Relative or friends" and 70 for "No personal contact". Significance levels: *p<0.1, **p<0.05, ***p<0.01.]



5.5 Effects of governmental regulation on the rental market

Guided rental prices have been provided by local governments in formal or informal ways since 2010 to promote farmland transfer. We introduced a cross-term dummy variable, kind*GGP2 to measure the effect of the government’s price intervention. The results in Table 7 implied that if the government-guided price is higher than the actual land rent, non-grain production can lift the rental price by 222.62 yuan/mu. On the contrary, the rental amplification is only 63.45 yuan/mu when the government-guided price is lower than the market price. The results questioned the findings of Barton (2011) and Zhang et al. (2019). As revealed in their studies, the guided price set by the government tends to serve as a floor price, which is always higher than the market price. It protected the incomes of lessors while boosting the rent of grain production. Data and empirical analysis of this study exposed that the variation of the government’s guided price in different regions serves as a mediator, especially when the land market is too hot.



TABLE 7 Heterogeneity analysis on government’s intervention.
[image: Table showing the impact of different variables on the land rent of grain production. Data includes: Kind = 0 & GGP = 0 as the base with rent of 0; Kind = 0 & GGP = 1 with 186.90; Kind = 1 & GGP = 0 with 63.45; Kind = 1 & GGP = 1 with 409.52. The Xrent variable is 0.13. Standard errors are in parentheses, and significance levels are indicated by asterisks. Controlled characteristics include farmer-specific, plot-specific, rental contract, and region.]




6 Conclusion and policy implications


6.1 Conclusion

Farmland is the basic resource for grain production and a guarantee for food security. Due to the limited land resources, China has a highly stringent farmland use policy and is especially sensitive to its use transition. With rapid development and urbanization, increasing demand for diverse agricultural products induced the booming expansion of non-grain production activities and placed pressure on farmland resources. This phenomenon has received considerable attention in academic literature as well as from policy analysts. Existing studies have proved that non-grain production has greatly influenced crop acreages and structure. However, due to the correlation between the rental market and the product market, the effects of the farmland use transition may not be limited to the quantity level. Moreover, the morphological change of farmland alters the shadow price of this factor. From the perspective of the opportunity cost of farmland, this study is conducted to explore the spillover effect of non-grain production on the rental market and investigate under which circumstances this effect works. The results of this study have provided a panoramic view of the non-grain production trend.

First, research findings reveal that non-grain production increases the land rent of grain production by improving its opportunity cost. Where there is land transferred for non-grain production nearby, the rent for grain production plots will significantly increase. Empirical evidence proves that converting land use from grain production to non-grain production significantly increases the land rental rate of surrounding plots for grain production by 222.02 yuan/mu, accounting for 28.75% of the total land rent (772.25 yuan/mu). However, this spillover effect virtually weakens once land rent reaches a high level. This means the relationship is non-linear and stronger at the lower distribution of the rent, which was also confirmed by the robustness check with quantile regression.

Second, the spillover effects may vary once plot and farmer heterogeneity are accounted for. In this regard, contact plot areas and the social relationships of contracted parties were introduced into the analysis. In terms of contracted farm size, large plots were usually accompanied by economies of scale. As a result, leasers who rent out large adjacent plots have greater bargaining power over the rental contract and may exert price control. This is most notable when there is non-grain production nearby, as the potential profitability of the farmland has been lifted. In addition, our study showed that many lessors and lessees have close personal contact. Due to social ties, contracted parties tend to take joint measures to resist risks, i.e., the increasing land rent driven by non-grain production.

Third, the visible role of the government is shown to be pivotal in moderating the farmland rental market. By observing how changes in the government-guided price in different regions affect rental prices, this study contributes to farmland pricing theories. Our findings confirm that government regulations may indeed be an important mechanism for mitigating the potential positive effect of non-grain production on farmland rent. In particular, when the guided rent set by the government is lower than the local rent, the formal price serves as an indicator and hinders the rental price from rising too much.



6.2 Limitations

Although the case of China offers unique insights for comparative research on the farmland use transition in the rental market, the current study still has limitations. Data used in this study were limited in Jiangsu province, which was not a large sample size. In spite of this, the calculation is sufficient to prove our hypothesis. A more complicated evaluation of the rental spillover effect can be conducted with more data sources available. As a concluding reflection, this study highlights the need for future research to investigate the unfolding impact of non-grain production on comprehensive production costs in terms of cost efficiency. From this perspective, further in-depth analysis can be made on how non-grain production might affect farmers’ factor allocation.



6.3 Policy implications

Ensuring food security in rural areas of China remains a daunting task, as farmers increasingly prioritize the cultivation of cash crops. This emerging trend calls for careful attention. To address this issue, it is pivotal to discover proper governance strategies to strike a balance between crop diversity and grain production. The conclusions of this study may have certain policy significance for regulating farmland transfer markets and maintaining food security. It is alarming for governments to monitor the non-grain production trend, especially in the granary areas, i.e., the northeastern provinces and Yangtze River regions. Farmland use should be properly planned in accordance with the principle of providing sufficient grain and main staples domestically. However, the balance between food security and economic growth should be accounted for at the same time. Considering the spillover effect of non-grain production on lifting land rent, a possible selection is to gather the plots with non-grain production together, as shown in Figure 5. In this regard, the effect can be limited in constraint areas. Applying this implication into practice, the authority of Jiashan County constructs an agricultural park to house the entities who perform non-grain production. This approach effectively controls the diffusion of increasing rent on farmland. Moreover, government-guided pricing is needed when the land rental market becomes more market-oriented. The ceiling rental price set officially is an effective mediator in eliminating the negative effect of non-grain production. Last but not least, informal land transfer among farmers with close personal connections is optional, except for formal land transfer supervised by local authorities. This type of land transfer is more flexible and resilient to external shocks. Faced with high land rent caused by non-grain production, it is more likely that the transferred land price between acquaintances will increase at a smaller amplitude.

[image: Two grid diagrams show land use patterns. The left grid highlights plots for grape production with arrows indicating spillover effects. The right grid highlights plots used for non-grape production with high land rent. Arrows suggest a shift in land use.]

FIGURE 5
 Graphical representation of policy implications.
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Footnotes

1   1 yuan = 0.1571 USD, 1 mu = 0.0667 hectare.

2   GGP indicates whether the government-guided land rent is higher than the average land rent in practice. GGP equal to 1 means government-guided land rent is higher; equal to 0 means government-guided land rent is lower.
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Introduction: The fragility of agriculture makes the food supply chain vulnerable to external risks such as epidemic, conflict, disaster, climate change, economic and energy crisis. The COVID-19 pandemic has spread and continued globally in recent years, resulting in food supply chain disruption and insecurity, which triggers profound reflection on the impacts of public health events (PHEs). Studying the impacts of PHEs on the resilience of food supply chain has great significance to effectively reduce the risks of disruption and insecurity in the future.
Methods: Based on the composition of PHEs and the division of food supply chain, this paper adopted the nonlinear Granger causality test to verify the nonlinear causal relationship between PHEs and proxy variables in the food supply chain; then the TVP-VAR-SV model was constructed and its three-dimensional pulse response results were matched with the sensitivity, recovery, and adaptation of the food supply chain resilience to deeply explore the dynamic impacts of PHEs.
Results: PHEs has significant nonlinear conduction effects on the resilience of food supply chain, the impacts of PHEs on the partial sector resilience have significant dynamic characteristics in the whole sample period, and the impacts of PHEs on the recovery and adaptation aspects of food supply chain resilience have structural break characteristics.
Discussion: The differences, dynamic characteristics and structural breaks of the impacts of PHEs on the resilience of food supply chain are caused by the infectivity and mortality of PHEs, attributes of food products, regulation of supply and demand in the market, behavioral decisions of all participants, changes in the policy environment, and coordination and upgrading of all sectors in the supply chain.
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1 Introduction

Food security concerns survival, development, stability and harmony. In both Millennium Development Goals (MDGs) and Sustainable Development Goals (SDGs), proposed in 2000 and 2015, respectively, eradicating hunger, ensuring food security and improving nutrition have always been the focus of the United Nations and the world (UN, 2001, 2015). However, the fragility of food industry makes it vulnerable to external risks. The impacts of pandemics, conflicts, disasters, climate change, economic and energy crisis in recent years have exacerbated the risk of global food supply chain rupture (FSIN, 2022; Li and Lin, 2023). The continuous spread of COVID-19 in the world, in particular, has brought more challenges to the food supply chain and further worsened the global food security (Swinnen and Vos, 2021). The supply chain disruption, economic recession and regional conflicts caused by COVID-19 have led to a significant increase in the number of hunger worldwide (FSIN, 2022). The number of people affected by hunger in the world in 2021 is about 702 to 828 million, an increase of 150 million compared with that before the outbreak of the COVID-19 at the end of 2019, which further frustrates the achievement of SDGs 1 and SDGs 2 in 2030 (FAO et al., 2022). Although the pandemic is coming to an end, its impacts on the food supply chain still exists. In order to effectively reduce the negative impacts of major health events on the food supply chain in the future, relevant research is of great theoretical and practical significance.

Public health events (PHEs) refers to major infectious diseases and congregative diseases of unknown causes, which occur suddenly and may cause serious damage to residents’ health (Yang et al., 2020). They are characterized by sudden outbreak, huge destruction, rapid spread and unpredictability (Duan et al., 2021). Such serious infectious diseases as COVID-19 have extensive and far-reaching economic and social impacts (Bloomberg, 2020; Ivanov and Das, 2020; Goel and Haruna, 2021). Smooth operation of the supply chain is crucial to economic development and social stability (Salvatore, 2020). PHEs can conduct risks to areas unaffected by the pandemic through the supply chain. Food supply chain refers to the complex network chain that starts from the initial raw materials suppliers, and goes onto food producers and sellers before finally reaching the consumers. It involves capital flow, information flow and logistics (Zhang, 2022). The risk of the food supply chain is an extension of the general supply chain risk, which comes from the uncertainty of its internal composition and external environment (Diabat et al., 2012). The external uncertainty of PHEs, in particular, has serious and unpredictable impacts on food supply chain (Li and Song, 2022). Recently, PHEs caused frequent disruptions of the food supply chain. In particular, the COVID-19 has exposed the weaknesses in food supply chain (Chenarides et al., 2021), and lead to an upsurge of studies on the impacts of PHEs on food supply chain.

The impact of PHEs on the food supply chain is multifaceted. Firstly, PHEs disrupts the food supply chain of all countries in the world by affecting food production. For example, during COVID-19, at least 93 farms, 462 meat packaging plants and 257 food processing plants in the United States were seriously affected (Aday and Aday, 2020). Xinfadi wholesale market (one of the largest wholesale markets of agricultural products in China) was also closed for 63 days due to COVID-19 (FDPGBM, 2021), which had significant negative impacts on upstream and downstream enterprises of the local food supply chain. Secondly, due to the ambiguity and lack of mandatory restrictions on grain exports in international standards (Zhong and Chen, 2020), some major grain exporting countries (such as Ukraine, Russia, etc.) announced the suspension, prohibition of grain exports or the imposition of quotas and other restrictive measures on some agricultural products during COVID-19, which increased the risk of disruption of agricultural trade and input supply (World Bank, 2020), and had serious impacts on the global food supply chain (Chen et al., 2020). Finally, the restriction of personnel flow, production stagnation, economic downturn and income reduction caused by PHEs (Hobbs, 2020; Swinnen and Mcdermott, 2020; Mahajan and Tomar, 2021) affected the people’s ability to obtain food, which is even worse for the low-income groups (FSIN, 2022). COVID-19 led to an 82% decline in the income of informal workers worldwide (ILO, 2020), and their ability to obtain food decreased significantly. Food security of the lowest income groups is an even bigger concern.

The supply chain resilience refers to the capacity of tolerance or restoration of partial sector or entire chain response to risks and uncertainties (Ali et al., 2021). The food supply chain has the same structure and function as the general product supply chain, but due to the fragility of agricultural production and the seriousness of food safety, the resilience of food supply chain is also relatively low. Preparation, response, recovery, and adaptation are considered the most basic analyses in supply chain resilience analysis (Adobor and McMullen, 2018; Stone and Rahimifard, 2018). After considering the impact of risk interruption on supply chain resilience, resilience will be defined as the capacity to predict, avoid, and adapt to interruptions and changes (Ortiz-de-Mandojana and Bansal, 2016). Resilience elements are management practices and fundamental components that support the implementation of various functions in the food supply chain (Tukamuhabwa et al., 2015; Ali et al., 2021). When the food supply chain facing severe risks, especially large-scale disasters such as the COVID-19 pandemic, the Russia-Ukraine conflict, and extreme weather, how to manage interruptions and quickly resume the operation of the supply chain is an important criterion for ensuring regional food security.

In existing studies on the impacts of PHEs on the resilience of food supply chain, assessing the impact of epidemics or disasters on food supply chain disruptions is the most common. For example, evaluating the impact of major public health events such as Avaian influenza A (H7N9), African swine fever, influenza A/H1N1, and COVID-19 on disruptions in poultry meat and grain supply (Dhand et al., 2011; Khokhar et al., 2015; Jiang et al., 2021; Laborde et al., 2021; Yao et al., 2022; Zhang and Sun, 2022), its main research methods include phenomenology, assessment, statistics, simulation, etc. Secondly, it is necessary to evaluate the preparedness for future PHEs based on the existing food supply chain system and propose new designs for the food supply chain to enhance resilience. For example, performance indicators are constructed for evaluation and analysis from aspects such as cost effectiveness, demand fulfillment, and resilience measures (Yu and Nagurney, 2013; Martínez-Guido et al., 2021; Singh et al., 2021), its main research methods include assessment, phenomenology, grounded theory, simulation, and critical theory. In addition, research on improving the resilience of food supply chains is gradually emerging with the application of new technologies. For example, new approaches such as integrated modeling, genotyping technology, and biosensor technology are applied to identify contamination sources and track contaminated food, in order to enhance the resilience of the food supply chain (Keeratipibul et al., 2015; Matta et al., 2018; Schlaich et al., 2020).

The sudden, destructive and unpredictable nature of PHEs puts China’s food supply chain at great risk. The disruption of China’s food supply chain will seriously threaten the normal operation of the global food supply system and affect food security of other countries in the system. The importance of China’s food safety to global food supply system in the context of PHEs is self-evident, and the research on the impacts of PHEs on the safety of China’s food supply chain is of great practical significance. In analyzing the impacts of PHEs on the resilience of the food supply chain, existing research mainly uses phenomenology, assessment, statistics and simulation methods, especially event analysis, which includes phenomenology and assessment, has been widely applied (Li and Song, 2022; Perdana et al., 2022). However, due to the heterogeneity, nonlinearity, and time-varying nature of PHEs’ impacts, the common test method and time series model cannot meet the requirements of the analysis (Swinnen and Mcdermott, 2020; Li and Song, 2022; Azevedo et al., 2023), which may lead to a weakening of evaluation effectiveness. Therefore, selecting appropriate research methods and approaches is crucial for a deeper learning of the impacts of PHEs on the resilience of food supply chain.

This paper first selected the types of infectious diseases included in PHEs by synthesizing national notifiable diseases (Class A and B) and zoonotic infectious diseases. Food supply chain was divided into raw material production and supply sector, food processing and manufacturing sector, and food distribution and consumption sector. Proxy variables were selected for each sector to study the impacts of PHEs on food supply chain. Meanwhile, considering that the nonlinear Granger causality test can more accurately identify the nonlinear conduction relationship between variables (Diks and Panchenko, 2006), and the TVP-VAR-SV model can more accurately capture the time-varying effects between variables in the whole sample period (Nakajima, 2011). This paper has some innovation points: firstly, using the nonlinear Granger causality test to verify the nonlinear conduction of PHEs to each proxy variable, as the basis for adapting time-varying model applications; secondly, a TVP-VAR-SV model was constructed, and its three-dimensional impulse response was used to deeply explore the dynamic impacts of PHEs on the resilience of food supply chain from the aspects of response, recovery, and adaptation. It is expected to provide theoretical basis and practical experience for effectively reducing the damage of major health emergencies to food supply chain in the future.



2 Materials and methods


2.1 Selection of public health events

The focus of this paper is to explore the impacts of PHEs on each sector of the food supply chain. Referring to Li and Song (2022) for the selection of PHEs, it took the number of deaths caused by national notifiable diseases (Class A and B) and zoonotic infectious diseases as the proxy variable for PHEs. National notifiable diseases (Class A and B) include 30 infectious diseases such as COVID-19, SARS and H1N1, and zoonotic infectious diseases include 29, such as BSE, rabies and anthrax. Their classification is shown in Figure 1A. Because they have some common diseases (H1N1, H5N1, H7N1, H7N9, rabies, asthma, brucellosis, leptospirosis, and schizophrenia), the number of deaths of these common diseases was counted once to prevent statistical errors due to repeated counting. From January 2005 to December 2021, the number of deaths caused by National notifiable diseases (Class A and B) and Zoonotic infectious diseases is shown in Figure 2B. Based on the principles of trough-peak division and specific types of diseases, 13 periods with a large number of deaths were identified. In terms of the time of the outbreak of specific diseases, COVID-19 in Period 13 is the main reason for the sharp increase in the number of deaths in recent years, and more than 3,300 people died in Period 13 alone. Highly pathogenic avian influenza (H5N1, H7N1, H7N9, etc.) and influenza A (H1N1) occurred continually from Period 1 to Period 10, resulting in more than 1,500 deaths in the sample time. Hemorrhagic fever, malaria, leptospirosis, schistosomiasis, rabies, brucellosis and anthrax are the reasons for the increase in the number of deaths within the sample time. Class A infectious diseases (cholera and plague) with high mortality rate broke out during Period 2, Period 3, Period 6 and Period 11, but did not lead to a pandemic or mass mortality, thanks to China’s pandemic prevention policies and measures. Additionally, Japanese encephalitis occurred continually from Period 1 to Period 12, causing great impacts on food and health safety.

[image: Diagram illustrating infectious disease transmission and death tolls.   Part A shows a diagram of disease transmission involving humans, animals, and environments like hospitals and homes. Lists of diseases include national notifiable, zoonotic, and common infectious diseases.  Part B is a line graph displaying death tolls from 2005 to 2022 for national notifiable diseases (purple line) and zoonotic diseases (yellow line). Periods of volatility are marked, with numbers increasing over time.]

FIGURE 1
 Classification, composition, and mortality of public health events. (A) is the classification and composition of public health events. (B) is the trends of mortality of public health events.


[image: Flowchart showing the food supply chain split into three sectors: raw materials production, food processing and manufacturing, and food distribution and consumption. Each sector details factors like production changes, policy restrictions, and consumer purchasing power. The chart highlights how public health events impact these sectors, affecting production, prices, and trade agreements. Arrows indicate the flow and interaction between these sectors.]

FIGURE 2
 Composition of food industry chain and the influence mechanism.




2.2 Composition and division of food supply chain

Food supply chain generally refers to the network chain that starts from the initial food raw materials supply, and goes onto food production, transportation and sales, before finally reaching the consumers (Song and Zhuang, 2017; Zhang, 2022). Therefore, the food supply chain can be simply divided into raw material production and supply sector, food processing and manufacturing sector, and food distribution and consumption sector (Schipanski et al., 2016). First of all, raw materials production and supply sector refers to the production and trade of primary agricultural products as raw materials. PHEs can affect the output and price of primary agricultural products by changing production expectations, reducing the input of labor, fertilizer, machinery, etc., and affect the trade of related primary agricultural products through policy restrictions, epidemic prevention and control, etc. (Gu and Wang, 2020; Laborde et al., 2021; Stephesns et al., 2022). Secondly, food processing and manufacturing sector refers to the process of processing and manufacturing primary agricultural products to obtain food products. PHEs can affect food output, price and profit by reducing raw materials supply, lowering quality, and increasing production and operation costs of enterprises (Khokhar et al., 2015; Perdana et al., 2022). Finally, food distribution and consumption sector refers to the process in which dealers transport food to domestic or international markets for sale. PHEs can influence food sales, prices and trade through market access, trade agreements, non-tariff barriers, consumer purchasing power, consumption habits and expectations (Davis et al., 2021; Suyo et al., 2021; Azevedo et al., 2023). The influence mechanism of PHEs on all sectors of the food supply chain is shown in Figure 2.

Based on the sector division of the food supply chain and risk identification of the impacts of PHEs, this paper examined the impacts of PHEs on the resilience of food industry chain by selecting proxy variables. In raw materials production and supply sector, output value of primary agricultural products (OVPAP), price of primary agricultural products (PPAP), export amount of primary agricultural products (EAPAP), and import amount of primary agricultural products (IAPAP) were selected as proxy variables, in consideration of the significant impacts of PHEs on output, price and trade volume of raw materials, and the availability of data. In food processing and manufacturing sector, PHEs has great impacts on food output, producer price, industry profit margin, etc. Therefore, output value of food industry (OVFI), product margin rate of food industry (PMRFI), and producer price of food industry (PPFI) were selected as proxy variables. In food distribution and consumption sector, PHEs has great impacts on sales, price and trade, so retail sales amount of food products (RSAFP), export amount of food products (EAFP), import amount of food products (IAFP), and consumption price of food products (CPFP) were selected as proxy variables.

The change trends of proxy variables in each sector of the food supply chain are shown in Figure 3. In raw materials production and supply sector, the fluctuation range of OVPAP, PPAP, EAPAP, and IAPAP was large before 2009 (especially during October 2006–November 2008), and was significantly reduced after 2009 (Figure 3A). In food processing and manufacturing sector, the fluctuation range of OVFI, PMRFI and PPFI increased significantly from March 2005 to June 2012, then slowed down from July 2012 to July 2017, and increased significantly again after August 2017 (Figure 3B). In food distribution and consumption sector, RSAFP, EAFP, IAFP, and CPFP fluctuated significantly during the whole sample period (Figure 3C). It can be concluded that the fluctuation of each proxy variable does not have simple correspondence with the fluctuation of PHEs. Based on the lagged impacts and the nonlinear principle of conduction (Foroutan and Lahmiri, 2022), this paper built a nonlinear test and dynamic analysis model for empirical study.

[image: Three line graphs with purple shaded areas show standardized values over time, from 2005 to 2021. Graph A compares OVPAP, PPAP, EAPAP, and IAPAP. Graph B displays OVFI, PMRFI, and PPFI. Graph C presents RSAFP, EAFP, IAFP, and CPFP. Each graph tracks data fluctuations indicated by varied line styles and colors.]

FIGURE 3
 Change trends of proxy variables in each sector of the food supply chain. (A) is the change trends of proxy variables in raw materials production and supply sector. (B) is the change trends of proxy variables in food processing and manufacturing sector. (C) is the change trends of proxy variables in food distribution and consumption sector.




2.3 Construction of empirical models


2.3.1 Nonlinear granger causality test

Considering the heterogenity, nonlinear and time-varying nature of PHEs’ impacts (Li and Song, 2022; Azevedo et al., 2023), the Nonlinear Granger causality test can more accurately identify the nonlinear conduction relationship between variables (Diks and Panchenko, 2006), the paper uses the non-linear Granger causality test proposed by Diks and Panchenko (2006) to identify the nonlinear conduction effects of PHEs on the proxy variables in each sector of the food supply chain. Diks and Panchenko (2006) based on the linear Granger causality model, filtered out the linear predictive ability between sequences, and extracted the corresponding information from the residual to analyze the nonlinear Granger causality. [image: The image shows a mathematical expression with the variable \(X\) subscripted by the number 1.] and [image: I'm unable to generate alt text for an image without seeing it. Please upload the image or provide a URL, and I'll be happy to help!] are two time series, [image: Mathematical expression with \( X \) as the base, \( t \) as the subscript, and \( m \) as the superscript.] is the m-dimension leading vector of [image: Mathematical notation showing the variable \(X\) with a subscript \(t\), commonly used in time series analysis.], [image: Mathematical expression showing \( X \) raised to the power of \( Lx \), with a subscript \( t - Lx \).] is the [image: Text depicting a mathematical notation: L with a subscript x.] period lag vector of [image: Variable \(X_t\) in a mathematical notation, where \(X\) is the main variable and \(t\) is a subscript, indicating a time-dependent element or series element.], [image: Mathematical expression with the variable Y subscript t minus L subscript y, raised to the power of L subscript y.] is the [image: Mathematical notation showing the symbol "L" with the subscript "y" in a serif font.] period lag vector of [image: It seems there's no image attached. Please upload the image or provide a URL for me to generate the alternate text.] (Eqs. 1–3):

[image: Mathematical expression detailing a sequence: \(X_t^m = (x_t, x_{t+1}, \ldots, x_{t+m-1})\), with \(m = 1, 2, \ldots\) and \(t = 1, 2, \ldots, N\).]

[image: Mathematical notation of a sequence \( X_t^{L_x} \) equals \( (x_{t-L_x}, x_{t-L_x+1}, \ldots, x_{t-1}) \), where \( L_x = 1, 2, \ldots \); \( t = L_x + 1, L_x + 2, \ldots, N \). Equation numbered as \( (2) \).]

[image: Mathematical formula describing a sequence: \( Y_{t-L_y}^{L_y} = (y_{t-L_x}, y_{t-L_x+1}, \ldots, y_{t-1}) \). Conditions include \( L_y = 1, 2, \ldots \) and \( t = L_y + 1, L_y + 2, \ldots, N \). The formula is labeled as equation (3).]

Given [image: Italic lowercase letter "m".], [image: The image depicts the mathematical expression \(L_x\), where "L" is a variable or parameter, and "x" is a subscript denoting a specific condition or state associated with "L".] and [image: The image shows the mathematical inequality \( L_y > 1 \).], and any small constant [image: Mathematical expression showing \(d > 0\), indicating that the variable \(d\) is greater than zero.]; if [image: Mathematical expression showing the derivative of \( y \) is equal to the sum of \( \log(z) \) and 2.] satisfies the conditional probability of Eqs. (4), (5), then [image: The letter "Y" is displayed in a serif font style.]is not the strictly nonlinear Granger cause of [image: The letter "X" is displayed in a serif font.].

[image: Probability equation showing two conditional probabilities. The first part compares differences \( X^m_t - X^m_s < d \) and \( X^{Lx}_{t-Lx} - X^{Lx}_{s-Lx} < d, Y^{Ly}_{t-Ly} - Y^{Ly}_{s-Ly} < d \). The second part compares \( X^m_t - X^m_s < d \) and \( X^{Lx}_{t-Lx} - X^{Lx}_{s-Lx} < d \). Equation numbered (4).]

[image: Equation showing: \( s, t = \max(Lx, Ly) + 1, \ldots, T - m + 1 \). It is labeled as equation (5).]

where, [image: Probability notation represented as "Pr" followed by parentheses containing a dot.] represents the probability, [image: Blurred horizontal band with a gradient from dark at the top to light at the bottom, transitioning through shades of gray.] represents the maximum norm. If the conditional probability of the right sequence [image: Mathematical expression showing the variable \(X\) with a subscript \(t\).] (that is, the influence probability of the lagging sequence on the leading sequence) in Eq. (4) is given, whether there is sequence [image: It appears there's no image attached or displayed. Please upload the image or provide a URL for detailed alternate text.] as the condition, it will not affect the result, then [image: It seems there was an error in uploading your image. Please try re-uploading the image or provide a URL so I can generate the alternate text for it.] is not the Granger cause of [image: The capital letter X in a serif font style.]. The conditional probability in Eq. (4) can also be expressed by Eqs. (6–10):

[image: Mathematical equation: CI(m + Lx, Ly, d) / CI(Lx, Ly, d) = CI(m + Lx, d) / CI(Lx, d) with reference number (6).]

where,

[image: Equation for confidence interval \( CI = (m + L_x, L_y, d) \) is shown: \( CI = \Pr\left(X_{r-L_x}^{m+L_x} - X_{s-L_x}^{m+L_x} < d, Y_{r-L_y}^{L_y} - Y_{s-L_y}^{L_y} < d\right) \). Equation numbered \( (7) \).]

[image: Mathematical expression for a conditional inequality probability. CI equals L sub x, L sub y, d, defined as the probability of two inequalities. The first inequality involves X sub t minus L sub x minus X sub s minus L sub x being less than d. The second inequality involves Y sub t minus L sub y minus Y sub s minus L sub y being less than d. Equation is labeled with the number eight.]

[image: Mathematical expression for confidence interval: \( CI = (m + L_x, d) = \text{Pr}\left(X_{t-L_x}^{m+L_x} - X_{s-L_x}^{m+L_x} < d\right) \), labeled as equation (9).]

[image: Equation defining a confidence interval: \(CI=(L_{x},d)=\Pr(X_{t-L_{x}}^{L_{x}}-X_{s-L_{x}}^{L_{x}}<d)\), labeled as equation 10.]

Assuming that [image: Mathematical notation showing \( X_l \), where \( X \) represents a variable or element, and \( l \) is a subscript, possibly indicating the index or label of the variable.] and [image: Image of the letter "Y" with a subscript "t," often used to represent a variable or value in formulas, typically in mathematical or statistical contexts.] are strictly stationary and satisfy the mixing condition, Diks and Panchenko (2006) constructed the following [image: It seems there was an issue with the image upload. Please try uploading the image again or provide a URL. You can also add a caption if you want additional context for the image.] statistics of asymptotic normal distribution based on the original assumption that “[image: It seems like there might be a mistake because I only see a symbol. If you need assistance with generating alt text for an image, please upload the image or provide a URL.] is not the strict Granger cause of [image: The image shows the mathematical symbol "X" with a subscript "t".]”:

[image: Mathematical equation featuring the expression for variable T as a ratio of differences of cumulative incidences, each with variables m, Lx, Ly, d, and n. It follows a normal distribution with mean zero and variance scaled by one over the square root of n, involving the standard deviation sigma and function parameters m, Lx, Ly, and d.]

where, [image: Mathematical equation: \( n = T + 1 - m - \max(Lx, Ly) \).]; [image: Mathematical expression representing variance, denoted as sigma squared with an argument in parentheses.] is the asymptotic variance of the modified test statistic. According to the statistics of Eq. (11), we can test the estimated residual series [image: A mathematical expression in parentheses shows two variables: epsilon subscript one, comma, epsilon subscript two, separated by a comma.] of the two VAR models of Eqs. (12), (13) in turn. If the original hypothesis of Granger’s non-causality is rejected, there is a nonlinear causality between the two sequences.

[image: Equation displaying a time series model: \( X_t = \sum_{i=1}^{\theta_1} \alpha_i X_{t-i} + \sum_{j=1}^{\theta_2} \beta_j Y_{t-j} + \varepsilon_{1,t} \).]

[image: The image shows a mathematical equation: \( Y_t = \sum_{i=1}^{\theta_3} \delta_i Y_{t-i} + \sum_{j=1}^{\theta_4} \phi_j X_{t-j} + \varepsilon_{2,t} \).]

where, [image: Greek letter alpha symbol in a small, pixelated resolution of 13 by 13.], [image: It seems there was an issue with your image upload. Please try uploading the image again, or describe it to provide more context.], [image: It seems there was an issue with your request, as no image was provided. Please upload the image or provide a URL, and I will help generate the alt text for it.] and [image: Greek letter phi.] are estimated parameters; [image: Greek letter epsilon subscripted with the number one and the letter \( l \).] and [image: Mathematical notation of the symbol epsilon with subscript "2, l".] are residual sequences; [image: To generate alt text, please upload the image or provide additional details.], [image: Greek letter theta, subscript two.], [image: Please upload the image or provide a URL for it, and I will be happy to generate the alternate text for you.] and [image: Lowercase Greek letter theta with subscript four.] are lag orders.



2.3.2 TVP-VAR-SV model

TVP-VAR-SV model can more accurately capture the time-varying effects between variables in the whole sample period (Nakajima, 2011). Therefore, this article constructs a TVP-VAR-SV model and matches its three-dimensional pulse response results with the sensitivity, recovery, and adaptation of the food supply chain resilience to deeply explore the dynamic impact of PHEs on various proxy variables. The construction of TVP-VAR-SV model starts from the structural VAR model, and the general structural VAR model (Eq. 14) can be expressed as:

[image: Equation labeled 14 shows \( A y_t = \bar{F}_1 y_{t-1} + \cdots + F_s y_{t-s} + \mu_t \) for \( t = s+1, \ldots, n \).]

where [image: The image contains the mathematical notation "y_t", representing a variable "y" with a subscript "t".] is a [image: A mathematical expression with "k times 1" in parentheses, indicating the multiplication of variable k and the number one.] vector of observed variables; [image: Mathematical notation displaying variables A, F sub 1, through F sub s, separated by commas.] is a [image: A mathematical expression showing a square matrix of size \(k \times k\), indicating a matrix with k rows and k columns.] matrix of time-varying coefficients; [image: The Greek letter alpha with a subscript "t".] is a [image: Mathematical expression in parentheses: \(k \times 1\).] vector of structural impact; assuming that [image: The formula depicts \(\mu_1 \sim N(0, \Sigma\Sigma)\), representing a normal distribution where \(\mu_1\) follows a normal distribution with a mean of zero and a covariance matrix denoted by \(\Sigma\Sigma\).], [image: Please upload the image file or provide a URL for me to generate the alternate text.] is a [image: Mathematical formula showing a matrix with dimensions \(k \times k\), indicating a square matrix with k rows and k columns.] diagonal matrix, and [image: It seems there was an issue with the image upload. Could you please try uploading the image again or provide a URL? You can also add a caption for more context.] is a lower-triangular matrix (Eq. 15).

[image: Matrix denoted as £ is a diagonal matrix with elements sigma one through sigma k along the diagonal and zeros elsewhere.]

Assuming that [image: Mathematical equation showing \( B_i = A^{-1} F_i \) for \( i = 1, \ldots, s \).], and the structural VAR model can be written as Eq. (16):

[image: Equation showing a time series model: Y sub t equals B sub 1 Y sub t minus 1 plus B sub s Y sub t minus s plus A inverse epsilon sub t. Epsilon sub t follows a normal distribution with mean zero and covariance matrix I sub k, labeled as equation sixteen.]

where [image: It seems there is no image visible. Please try uploading the image again or provide a description of the image for accurate alt text creation.] is the stacked row vector; define [image: Mathematical equation representing \( X_t = I_S \otimes (y_{t-1}', \ldots, y_{t-s}') \).], [image: A small, black and white icon depicting a circle with an "X" inside, resembling a close or cancel button.] stands for the Kronecker product, and the reduced-form structural VAR can be expressed as Eq. (17):

[image: Mathematical equation depicting a model: \( y_t = X_t \beta + A^{-1} \xi \varepsilon_t \), labeled as equation 17.]

Then, assuming that all parameters are time-varying, the model is extended to Eq. (18):

[image: Mathematical equation showing \( Y_t = X_t \beta_t + A_t^{-1} \Sigma_t \varepsilon_t \), where \( t = s + 1, \ldots, n \). Label: (18).]

where [image: The image shows the Greek letter beta with a subscript "t" in a mathematical or scientific context.], [image: Matrix A subscript t raised to the power of negative one, indicating the inverse of matrix A at time t.], [image: The symbol "£" with a subscript "t", often used to represent currency at time "t" in financial equations.] are time-varying, thus the above expression is Time-Varying Parameter VAR model.

The elements of [image: Stylized letter "A" with subscript "i" in a serif font, representing a mathematical or scientific notation.] are compiled in a vector [image: Alpha sub one equals open parenthesis a sub two sub one, a sub three sub one, comma, ellipsis, a sub k, comma, k minus one close parenthesis.], define [image: Mathematical notation showing a vector \( h_t \) equal to a series of elements \( (h_{1t}, \ldots, h_{kt}) \).], 且[image: The mathematical equation shows \( h_{it} = \log \sigma^2_{it} \), where \( i = 1, \ldots, k \) and \( t = s + 1, \ldots, n \).] (Nakajima, 2011). Thus, assuming that the parameters in TVP-VAR-SV model are following the random walk process as (Eqs. 19–21):

[image: Equation showing three expressions: beta sub t plus 1 equals beta sub t plus mu times beta sub t, alpha sub t plus 1 equals alpha sub t plus mu times alpha sub t, and h sub t plus 1 equals h sub t plus mu times h sub t. Labeled as equation nineteen.]

[image: Beta sub s plus one is distributed as normal with mean mu beta zero and standard deviation sigma beta zero. Alpha sub s plus one is distributed as normal with mean mu alpha zero and standard deviation sigma alpha zero. Eta sub s plus one is distributed as normal with mean mu eta zero and standard deviation sigma eta zero. Equation number twenty.]

[image: Multivariate normal distribution notation showing a four-dimensional vector with components εᵗ, μᵦₜ, μₐₜ, and μₕₜ, distributed as N with mean vector 0 and covariance matrix. The matrix has I, £ᵦ, £ₐ, and £ₕ along the diagonal and zeros elsewhere.]

The Markov Chain Monte Carlo (MCMC) method is used to estimate the parameters. The steps are: (1) ① Set [image: Mathematical notation representing a sequence: y equals the set of y sub t, where t ranges from one to n.], [image: Mathematical expression showing omega equals a vector with components script L subscript beta, script L subscript alpha, and script L subscript h in parentheses.], [image: Greek letter pi followed by Greek letter omega in parentheses.] is the prior probability density of [image: The lowercase Greek letter omega symbol (ω) in a small font size.], set the initial value of [image: It seems there was an issue with the image upload. Please try uploading the image again or provide a URL, and I will generate the alternate text for you.], [image: Greek letter alpha in italics.], [image: The letter "h" appears in a serif font with a blurry resolution. The image is focused on the typographic style and texture of the letter.] and [image: Greek lowercase letter omega, resembling a rounded "w" with a curved shape and symmetrical design.]; (2) ② Set the values of [image: Greek lowercase letter alpha, depicted in a small font size.], [image: Calligraphic lowercase letter "h" in a serif font style, commonly used in mathematical or scientific notation.], [image: Currency symbol for the British Pound (£) followed by a subscript Greek letter beta (β).] and [image: Please upload the image or provide a URL so I can generate the alternate text for it.], sample [image: It seems there is an issue with the image upload. Please try uploading the image again or provide a URL, and ensure any accompanying context or caption is included for a more accurate description.]; (3) ③ Set the values of [image: No image was provided. Please upload the image or provide a URL for assistance with generating alt text.], sample [image: The image shows the mathematical expression "L sub beta," where "L" is followed by a subscript beta symbol.]; (4) ④ Set the values of [image: It looks like there might have been an issue with the image. Please upload the image file directly or provide a URL.], [image: Lowercase letter "h" in italic font.], [image: Equation showing the script capital L symbol with a subscript alpha.] and [image: Please upload the image or provide a URL so I can generate the alt text for you.], sample [image: Greek letter alpha in italic style.]; (5) ⑤ Set the values of [image: Lowercase Greek letter alpha symbol, commonly used in mathematics and science to represent a variable or parameter.], sample [image: Conceptual diagram of a rotating fan with labeled parts. Arrows indicate rotational direction, and points mark measurement locations on the blades. Each blade is labeled for clarity.]; (6) ⑥ Set the values of [image: Greek letter alpha symbol, displayed in a small size, with a resolution of thirteen by thirteen pixels.], [image: It seems there is no image provided. Please upload the image or provide a URL to generate alternate text.], [image: Pound symbol followed by a subscript lowercase "h".] and [image: It looks like there was an error in uploading the image. Please try uploading the image again, or ensure the URL or file path is correct. Let me know if you need any assistance.], sample [image: Lowercase letter "h" in italics.]; (7) ⑦ Set the values of [image: Mathematical notation displaying the lowercase letter "h" in an italicized font, commonly used in mathematical expressions or equations.], sample [image: The image shows the expression "£ per hour" with a subscript 'h' indicating the unit is likely referring to a rate of British pounds per hour.]; (8) ⑧ Return to the step (2) ②.




2.4 Data sources

Considering the multiple and frequent of PHEs, the monthly data can better describe the dynamic and nonlinear impacts of PHEs on food supply chain. Therefore, the paper selects the monthly data of PHEs and food supply chain from January 2005 to December 2021 as the research sample. In the composition of PHEs, the data of national notifiable diseases (Class A and B) comes from the National Health Commission of the People’s Republic of China, and the data of zoonotic infectious diseases comes from the Ministry of Agriculture and Rural Affairs of China, and supplemented with the EM-DAT database. In the composition of food supply chain, the raw materials production industry is subdivided into animal husbandry and plant planting; the agri-products processing industry is subdivided into grain grinding, feed processing, vegetable oil processing, sugar manufacturing, slaughtering and meat processing, aquatic products processing, vegetable, fungus, fruit and nut processing, and other agri-products processing; the Food manufacturing industry is subdivided into Baked food manufacturing, Candy, chocolate and preserves manufacturing, Convenience food manufacturing, Dairy manufacturing, Manufacture of condiments and fermented products manufacturing, and other food manufacturing, the specific classification and HS code for international trade are shown in Supplementary Table S1. The data of OVPAP, PPAP, OVFI, PMRFI, PPFI, RSAFP, and CPFP comes from the National Bureau of Statistics of China; the data of EAPAP, IAPAP, EAFP, and IAFP comes from the China Customs Database. Standardizing all series to better apply the nonlinear Granger causality test and TVP-VAR-SV model (mean value is 0, standard deviation is 1).




3 Results and analysis


3.1 Results of nonlinear granger causality test

Under the analysis framework of TVP-VAR-SV model, it is important to examine the causal relationship between variables. This paper uses the non-linear Granger causality test proposed by Diks and Panchenko (2006) to identify the nonlinear conduction effects of PHEs on the proxy variables in each sector of the food supply chain, the results are shown in Table 1. To clearly reflect the non-linear impacts of PHEs on all sectors of the food supply chain, this paper introduces the general Granger causality test (linear Granger causality test) for comparative analysis. According to the results of Granger causality test, PHEs has only significant linear conduction effects on RSAFP (Lag = 2–3) and CPFP (Lag = 1–8), while the linear Granger test results of other proxy variables are not significant in the lag phases.



TABLE 1 Results of general Granger causality test and nonlinear Granger causality test.
[image: Two tables display results from Granger causality tests, labeled "General" and "Nonlinear." Both tables include variables (OVPAP, PPAP, etc.) across lags one to eight. Significance levels marked with asterisks (*) denote varying levels of statistical significance, with higher lag numbers generally having more significant outcomes in both tables.]

Meanwhile, according to the results of nonlinear Granger causality test, PHEs has significant nonlinear conduction effects on the proxy variables in each sector of the food supply chain. Thus, compared with general Granger causality test, the nonlinear Granger causality test can better explain the nonlinear transmission of PHEs to proxy variables. Specifically, PHEs has significant nonlinear conduction effects on OVPAP after the 3rd lag phase; PHEs has significant nonlinear conduction effects on PPAP and EAPAP from the 1st lag phase to 5th lag phase; PHEs has significant nonlinear conduction effects on IAPAP and RSAFP from the 1st lag phase to 4th lag phase; PHEs has significant nonlinear conduction effects on OVFI, PMRFI and PPFI during the whole lag phase; PHEs has significant nonlinear conduction effects on EAFP and CPFP from the 1st lag phase to 6th lag phase; PHEs has significant nonlinear conduction effects on IAFP from the 2nd lag phase to 4th lag phase.

Comparison of different nonlinear conduction of PHEs to each proxy variable shows that in raw materials production and supply sector, PHEs has lagged impacts on OVPAP, which is mainly related to the growth cycle of primary agricultural products (Gu and Wang, 2020; Stephesns et al., 2022). PHEs has rapid impacts on PPAP, EAPAP, and IAPAP, and significant conduction effects appear in the first lag phase, which shows that sellers and traders in the raw material market can make quick response to PHEs. In food processing and manufacturing sector, the conduction effects of PHEs on the proxy variables OVFI, PMRFI and PPFI last long, indicating a long-term impact of PHEs on China’s food production. In food distribution and consumption sector, PHEs has conductive effects on RSAFP and IAFP in the short term, and on EAFP and CPFP in the long term, which may be related to China’s trade policy, emergency measures and macro-regulation (Pu and Zhong, 2020; Li and Song, 2022). In summary, based on the results of nonlinear Granger causality test, all variables can be further analyzed with the impulse response method of time series.



3.2 Three-dimensional impulse response result analysis

Based on the stationary test of data and the nonlinear Granger causality test of variables, this paper used the TVP-VAR-SV model to explore the three-dimensional impulse response of each sector in the food supply chain to PHEs’ impulses, then matched the impulse results with the response, recovery, and adaptation of the supply chain resilience, to delve into the dynamic characteristics and structural breaks of PHEs on the resilience of each sector in the food supply chain.

This paper established TVP-VAR-SV model for empirical analysis in raw materials production and supply, food processing and manufacturing, distribution and consumption sector, respectively. Before empirical analysis with TVP-VAR-SV model, MCMC method was used to simulate 10,000 samplings and the parameter estimation results of raw materials production and supply, food processing and manufacturing, distribution and consumption sector were obtained, as shown in Table 2. Table 2 details the posterior mean, posterior standard deviation, 95% confidence interval limit, convergence diagnostic value and invalid factor of the three groups of models. The posterior mean of each parameter in the model is within 95% confidence interval, and the convergence diagnostic value is less than the critical value 1.96 at 5%, so the null hypothesis of convergence to the posterior distribution cannot be rejected. In the model of raw materials production and supply sector, the maximum invalid influence factor of the parameter is 5.88, indicating that at least 1,700 valid samples are obtained from the 10,000 samplings, and the MCMC sampling results can meet the posterior inference of TVP-VAR-SV model. Likewise, it can be proved that the MCMC sampling results of food processing and manufacturing, distribution and consumption sector also meet the posterior inference of the model.



TABLE 2 The estimation results of MCMC simulation.
[image: Table displaying statistical data for three sectors: Raw materials, Food processing, and Food distribution. Columns list parameters, P-M value, P-SD value, 95% confidence intervals, CD value, and IF level. Detailed values for each parameter are provided across sectors.]


3.2.1 Raw materials production and supply sector

The impacts of PHEs’ unit positive impulses on proxy variables in raw materials production and supply sector from January 2005 to December 2021 are shown in Figures 4A–L. Figures 4A,D,G,J are overviews of the three-dimensional response results. After matching their projections on the x–z and y–z cross-sections with the response, recovery, and adaptation of the supply chain resilience, it can be used to analyze the impacts of PHEs on the food supply chain. Projections of the three-dimensional response results on the x–z section can clearly display the time point of the maximum response value and the variation of the response value within the lag period, which correspond to the response and recovery aspects of the supply chain resilience, are shown in Figures 4B,E,H,K. Projections of the three-dimensional response results on the y–z section focus on depicting the dynamic differences in the impacts of PHEs on proxy variables at different periods, corresponding to the adaptation aspect of the supply chain resilience, are shown in Figures 4C,F,I,L. Among them, Figure 4A is the three-dimensional responses of OVPAP to PHEs’ impulses, Figure 4B is the projection of impulse response results on the x–z section, Figure 4C is the projection of impulse response results on the y–z section.

[image: Twelve graphs labeled A to L illustrate data visualizations. Graphs A, D, G, and J are 3D surface plots. Graphs B, E, H, and K are line graphs showing data trends. Graphs C, F, I, and L are area charts depicting statistical variations over time. Each graph uses various colors to represent different data series or categories.]

FIGURE 4
 The three dimensional impulse responses of proxy variables in raw materials production and supply sector. (A,D,G,J) are the three-dimensional responses of OVPAP, PPAP, EAPAP, and IAPAP to PHEs’ impulses respectively; the x-axis is the lag phase of impulse responses, the y-axis is the occurrence time of the positive impulses, and the z-axis represents the response levels. (B,E,H,K) are the projection of response results of OVPAP, PPAP, EAPAP, and IAPAP on the x–z section, respectively. (C,F,I,L) are the projection of response results of OVPAP, PPAP, EAPAP, and IAPAP on the y–z section, respectively.


In the response aspect of food supply chain resilience, PHEs’ positive impulses have positive impacts on OVPAP first and then negative impacts, and the responses last for a long time, with the value approaching 0 after Phase 35 (Figure 4A). In the recovery aspect of food supply chain resilience, OVPAP shows alternate positive and negative responses (Figure 4B). The volatility of responses is mainly caused by the lag between production decision and output of agricultural products due to the growth cycle of agricultural products (Fan et al., 2021). In the adaptation aspect of food supply chain resilience, the responses of OVPAP changed greatly from 2005 to 2009, and the negative response value exceeded positive value, getting to a maximum of −0.024 (January 2007). According to Figure 1B, the outbreak of highly pathogenic avian influenza and Japanese encephalitis (Period 1 and Period 2) is the main reason for the great fluctuation of OVPAP during this period. After 2009, the positive and negative responses of OVPAP decreased significantly, with the maximum negative value of only −0.007 (June 2018). Especially during COVID-19 (Period 13), which caused much more death and greater economic losses, it did not cause a significant decline in OVPAP, with a maximum negative response value of only −0.003 (April 2020). This is mainly due to the efforts made by the Chinese government in agricultural policies and pandemic prevention in recent years (Pu and Zhong, 2020; Li and Song, 2022).

PHEs’ impulses have both positive and negative impacts on PPAP, and the response value gradually approaches 0 after Phase 20 (Figure 4D). In the response aspect, PHEs’ impulses can have quick impacts on PPAP, with high response values in the first five lag phases and rapidly declining values from Phase 5 to 10 (Figure 4E). In the recovery aspect, PHEs’ impulses can significantly affect the price of raw materials within half a year, and the impacts disappear afterwards. In the adaptation aspect, PPAP mainly had negative responses from 2005 to 2009, and it had both positive and negative responses after 2009, with the largest positive value from March 2009 to January 2013. The structural breaks of PPAP responses are the result of the joint regulation of market supply and demand and government policies (Li and Song, 2022). The negative responses are mainly related to the instability of agricultural product supply, trade fluctuation and quality decline caused by PHEs (Saboori et al., 2022; Liang and Zhong, 2023). However, the time with great positive responses (especially March 2009 to January 2013) corresponds with the outbreak of highly pathogenic avian influenza, influenza A (H1N1) and Japanese encephalitis (Figure 4F). After these devastating zoonotic infectious diseases broke out, the infected animals were required to be treated as soon as possible to cut off the source of infection, which led to reduction in the production and consumption of related agricultural products. Overall price of raw materials were raised due to the influence of market supply and demand and substitution effect (Devereux et al., 2020; Yao et al., 2022).

PHEs’ impulses have both positive and negative impacts on EAPAP. Both decrease significantly after Phase 5 and the value gradually approaches 0 after Phase 10 (Figure 4G). In the response aspect, PHEs’ impulses rapidly causes negative responses of EAPAP in the first two lag phases, indicating that outbreak of PHEs can cause significant decline of EAPAP in the short term (Figure 4H). In the recovery aspect, when PHEs breaks out, especially zoonotic infectious diseases, safety clauses and prevention and control measures restrict the export of primary agricultural products in the short term (Laborde et al., 2021; Saboori et al., 2022; Stephesns et al., 2022), while in the long term, with proper control or end of the pandemic, compensatory growth appears (Zhan and Chen, 2021; Li and Song, 2022). In the adaptation aspect, the negative responses of EAPAP increased significantly from January 2005 to December 2006, June 2008 to January 2011, and February 2012 to November 2013 (Figure 4I), when serious zoonotic infectious diseases (influenza A (H1N1), highly pathogenic avian influenza and Japanese encephalitis) occurred and led to significant decline in exports of livestock products, which promoted the rapid increase of the negative responses of EAPAP.

In the response aspect, responses of IAPAP are sensitive to the impulses of PHEs, and reach the maximum positive value (or the maximum negative value) in the first two lag phases (Figure 4J). Both positive and negative responses are significantly reduced from Phase 4 to 10, and gradually approached 0 after Phase 15 (Figure 4K). It shows that PHEs significantly improves IAPAP in the short term, and the impact declines remarkably after 4 months. In the recovery aspect, outbreak of PHEs leads to decline of the supply and quality of domestic agricultural products (Laborde et al., 2021; Suyo et al., 2021), and imports of affected products increase to make up the demand gap. In the long run, supply recovers and imports gradually decline with the control or end of the pandemic. Therefore, IAPAP has great positive responses in the short term, while the responses decrease in the long term (or becomes negative under policy control). In the adaptation aspect, the positive responses of IAPAP increased significantly from January 2005 to December 2010 and from May 2012 to February 2015 (Figure 4L), due to the outbreak of influenza A (H1N1), highly pathogenic avian influenza and Japanese encephalitis, which resulted in a substantial increase in the imports of related livestock products.

Differences of PHEs’ impacts can be easily summarized from the three-dimensional impulse responses. In the response aspect of food supply chain resilience, PHEs has quick impacts on PPAP, EAPAP, and IAPAP, while it has lagged impacts on OVPAP; it has the longest impact on OVPAP, followed by PPAP, and the shortest impact on EAPAP and IAPAP; it has the greatest impact on EAPAP, followed by IAPAP and OVPAP, and the least impact on PPAP. In the recovery aspect of food supply chain resilience, under the influence of market regulation and government macro-control, the price and trade of raw materials are more sensitive to PHEs’ impulses but with shorter duration. However, the periodicity of agricultural production and the lagged effects of decision-making lead to lagged response of raw material production to PHEs’ impulses, and longer duration (Fan et al., 2021). When PHEs occurs, the safety clauses and prevention and control measures restrict exports of relevant primary agricultural products in the short term (Zhan and Chen, 2021; Saboori et al., 2022; Stephesns et al., 2022), and increase imports to make up for the demand gap in the domestic market. Therefore, PHEs has great impacts on raw material trade. In the adaptation aspect of food supply chain resilience, stabilizing the output and price of primary agricultural products is an important way to achieve food security (Devereux et al., 2020; Saboori et al., 2022). In this connection, the Chinese government has issued a series of policies to stabilize production and price of agricultural products to mitigate the impact of PHEs on OVPAP and PPAP.



3.2.2 Food processing and manufacturing sector

PHEs’ impulses first have negative impacts on OVFI and then positive. Both response values gradually approach 0 after Phase 10 (Figure 5A). In the response aspect, PHEs’ impulses can quickly cause the negative responses of OVFI in the short term, which then turns positive. In the long term, positive and negative responses alternate (Figure 5B). In the recovery aspect, food production declines by reducing raw material supply, lowering their quality, increasing production costs, and adjusting production strategies in the early stage of PHEs, (Kuiper and Lansink, 2013; Suyo et al., 2021). However, food production enterprises have the responsibility of ensuring food supply during disaster emergencies (Schneider, 2016). After the outbreak of PHEs, government helps these enterprises to resume production through technical support, financial subsidies, tax relief, etc., to ensure the stability of food supply (Zhan and Chen, 2021), so the negative responses of OVFI become positive. In the adaptation aspect, the negative responses of OVFI increased significantly from November 2007 to January 2010, from July 2010 to December 2012, and from May 2017 to August 2018 (Figure 5C), and the corresponding PHEs include H1N1 influenza A, highly pathogenic avian influenza, H7N9, Japanese encephalitis, hemorrhagic fever, plague, and malaria (Period 3–6 and Period 10–11 in Figure 1B). The occurrence of these infectious diseases led to huge fluctuations in the output of the food industry, which seriously damaged the stability of food supply chain.

[image: A series of nine scientific graphs labeled A to I. Each displays multi-dimensional data in various forms, including 3D surface plots and 2D line graphs. They show data variations over time, focusing on different patterns and fluctuations, with axes denoting variables such as time and value magnitude. The graphs feature multiple overlapping colored lines and surfaces, illustrating complex interactions.]

FIGURE 5
 The three dimensional impulse responses of proxy variables in food processing and manufacturing sector. (A,D,G) are the three-dimensional responses of OVFI, PMRFI and PPFI to PHEs’ impulses respectively; the x-axis is the lag phase of impulse responses, the y-axis is the occurrence time of the positive impulses, and the z-axis represents the response levels. (B,E,H) are the projection of response results of OVFI, PMRFI, and PPFI on the x–z section, respectively. (C,F,I) are the projection of response results of OVFI, PMRFI, and PPFI on the y–z section, respectively.


PHEs has both positive and negative impacts on PPFI. Both impacts reach the maximum in the first three phases, decrease significantly from Phase 4 to 10, and disappear after Phase 15 (Figures 5D,E). It shows that PHEs can quickly cause changes in PPFI, and the impacts last for a long time. The impacts on PPFI are characterized by structural breaks, which are related to the attributes of specific health events. The positive responses increased significantly from May 2007 to March 2008, June 2009 to June 2010, August 2011 to September 2013 and from July 2016 to February 2020, while in other time, the impacts were negative (Figure 5F). PHEs during the period of positive responses mainly includes highly pathogenic avian influenza, influenza A (H1N1), hemorrhagic fever, malaria, H7N9, leptospirosis, anthrax, plague, schistosomiasis, rabies, brucellosis, and COVID-19. PHEs during the period of negative responses includes highly pathogenic avian influenza, influenza A (H1N1), H7N9, and Japanese encephalitis. Highly pathogenic avian influenza, influenza A (H1N1) and H7N9 occurred during the both periods of positive and negative responses, but the number of deaths caused by these PHEs in the former period is far greater than that in the latter. Therefore, it can be inferred that when the number of deaths caused by PHEs increases significantly, the cost rise and output fluctuation due to the shortage of raw materials and labor force drive the rise of food production prices (Khokhar et al., 2015). However, when the impacts and scope of PHEs are small, especially during some zoonotic infectious diseases that are timely controlled, production price is reduced mainly by decreasing demand (Dhand et al., 2011).

PHEs has both positive and negative impacts on PMRFI. Both impacts gradually disappear after Phase 10 (Figure 5G). PHEs’ impulses cause a rapid increase in the PMRFI responses in the first five phases, and the responses decrease significantly from Phase 5 to 10 and approach 0 after Phase 10 (Figure 5H). It indicates that the first five months of PHEs outbreak has great impacts on the profits of food enterprises, which gradually disappear within one year. The impact has significant dynamic characteristics (Figure 5I). Generally, PHEs has negative impacts on PMRFI first, and then positive impacts. This is because in the early stage of PHEs outbreak, the overall profit margin of the food industry declines due to cost increase of raw materials and labor, reduction of commodity inventory, decline of quality, and financial risks of enterprises (Kuiper and Lansink, 2013; Suyo et al., 2021). In the long run, as the epidemic is under control and the food enterprises resume normal production, and the profit margin recovers (Nordhagen et al., 2021). Meanwhile, the more harmful PHEs is, the greater its negative impacts on PMRFI, and the smaller the space for profit recovery. Especially during COVID-19 (January 2020 to December 2021), the negative responses of PMRFI increased significantly, while the positive responses remained low.

In the response aspect of food supply chain resilience, PHEs has quick impacts on OVFI, PPFI and PMRFI (the maximum positive or negative response values are reached in the first three phases), indicating that food production sector is sensitive to the impacts of PHEs. In the recovery aspect of food supply chain resilience, the degree and duration of the impacts on OVFI, PPFI and PMRFI, are similar, reflecting the close relationship between various factors in food processing and manufacturing sector. In the adaptation aspect of food supply chain resilience, the time-varying frequency of PPFI is significantly higher than that of OVFI and PMRFI. As the core of the supply chain, food processing and manufacturing enterprises carry out production and operation with the goal of maximizing profits (Kshetri, 2021). When PHEs breaks out, the decision-makers change the operation strategy based on production costs, product inventory, market conditions, financial risks, profitability (Khokhar et al., 2015; Zhan and Chen, 2021; Perdana et al., 2022). Among these, changing the selling price is the most flexible means for manufacturers to adjust their operation strategies, so the time-varying frequency of PPFI is significantly higher than that of OVFI and PMRFI. Meanwhile, the time-varying frequency of food production is significantly lower in the whole sample period, due to the constraints of sunk costs, order contracts and social responsibilities. The sales profit is the combination of food production, sales volume, price, cost and inventory, so the time-varying frequency of PMRFI is between that of PPFI and OVFI.



3.2.3 Food distribution and consumption sector

PHEs has both positive and negative impacts on RSAFP. Both impacts gradually disappear after the Phase 10 (Figure 6A). In the response aspect, PHEs’ impulses have negative impacts on RSAFP first, and then positive impacts. Specifically, the negative responses increase rapidly in the first two phases, the positive and negative responses decrease with fluctuation from Phase 3 to 5, and approach 0 after Phase 8 (Figure 6B). In the recovery aspect, the outbreak of infectious diseases (especially zoonotic infectious diseases) causes market closure, consumer demand decline, etc., so food sales fall rapidly in the short term (Zhan and Chen, 2021). With the control and end of the pandemic, food sales show compensatory growth. In the adaptation aspect, the impacts of PHEs on RSAFP have significant dynamic characteristics (Figure 6C). The positive and negative responses of RSAFP declined remarkably especially after 2015, which is mainly related to the government’s support policies and the development of e-commerce (Davis et al., 2021; Swinnen and Vos, 2021). Therefore, compared with the PHEs before 2015, the impact of the outbreak of COVID-19 in 2020 on the RSAFP decreased significantly.
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FIGURE 6
 The three dimensional impulse responses of proxy variables in food distribution and consumption sector. (A, D, G, J) are the three-dimensional responses of RSAFP, EAFP, IAFP, and CPFP to PHEs’ impulses respectively; the x-axis is the lag phase of impulse responses, the y-axis is the occurrence time of the positive impulses, and the z-axis represents the response levels. (B, E, H, K) are the projection of response results of RSAFP, EAFP, IAFP, and CPFP on the x–z section, respectively. (C, F, I, L) are the projection of response results of RSAFP, EAFP, IAFP, and CPFP on the y–z section, respectively.


PHEs’ impulses first have negative impacts on EAFP, and then positive impacts. Both impacts decrease significantly after Phase 5, and gradually disappear after Phase 10 (Figures 6D,E). PHEs’ impulses quickly cause the negative responses of EAFP in the first two lag phases, and the positive and negative responses alternate from Phase 3 to 5, the positive responses being dominant. It shows that the outbreak of PHEs rapidly leads to the decline of EAFP in the short term, and compensatory growth of EAFP occur over time. EAFP has a large negative response value from January 2005 to April 2008, January 2010 to August 2012, and from June 2013 to October 2014, which may be related to the outbreak of influenza A (H1N1), highly pathogenic avian influenza, H7N9, Japanese encephalitis and other zoonotic infectious diseases in these periods (Figure 6F). When these serious zoonotic infectious diseases occur, the international market restrict the trade of related processed products and finished products through technical barriers to trade in health, quarantine, product quality and certification in the short term (Wang et al., 2022; Azevedo et al., 2023). After the pandemic, food exports rebound (Saboori et al., 2022).

The responses of IAFP to PHEs’ impulses can reach the maximum positive value in the first two lag phases, and then the positive responses decrease and turn negative. Both the positive and negative responses significantly decrease from Phase 3 to 5, and gradually approach 0 after Phase 10 (Figures 6G,H). It indicates that IAFP are sensitive to PHEs’ impulses. When the outbreak of infectious diseases causes the decline of relevant food production, imports increase remarkably in the short term to make up for the demand gap (Devereux et al., 2020; Saboori et al., 2022). However, with the control of the domestic pandemic and the resumption of normal operation of food enterprises, food imports gradually decline. Therefore, the reason for the significant increase of the positive responses from January 2005 to June 2008, November 2009 to October 2010, and January 2012 to December 2014 is similar to that of IAPAP (Figure 6I). It is the outbreak of zoonotic infectious diseases which leads to the significant increase in imports of related livestock products. However, the outbreak of COVID-19 in 2020 only has negative impacts on IAFP. A valid explanation for this PHEsnomenon is that the global outbound of COVID-19 has made China more concerned about the safety of imported products, and led to a significant decline in food imports under the increasing quarantine measures and restrictions (Kazancoglu et al., 2023).

PHEs’ impulses have both positive and negative impacts on CPFP (Figure 6J). In general, PHEs first has negative impacts on CPFP, and then positive. Both response values reach the maximum in the first three phases, rapidly decline from Phase 4 to 10, and approach 0 after Phase 10 (Figure 6K). It suggests that when infectious diseases break out, consumers’ demand for certain food product decreases in the short term, which leads to oversupply and drives the decline of the overall food price. In the long run, with the end of the pandemic, the demand and supply of food revovers, and price also rebounds. However, the positive responses of CPFP increased significantly from April 2007 to February 2009, May 2010 to December 2014, and from February 2017 to July 2018 (Figure 6L). The possible reason is that the outbreak of infectious diseases during these periods led to the increase of food production costs, production fluctuations and larger demand gap (Saboori et al., 2022; Yao et al., 2022), which further promoted the rise of food consumption prices. However, after the outbreak of COVID-19 in 2020, the positive responses of CPFP rose briefly before it declined and turned negative. This is because the continuation of the COVID-19 led to the closure of the catering industry, economic downturn and degradation of consumption (Byker et al., 2022; Manyong et al., 2022), which continued to depress the level of food prices.

In the response aspect of food supply chain resilience, after the impacts of PHEs, the response values of RSAFP, EAFP, IAFP, and CPFP all reach the maximum in the first three phases, indicating that all factors in the food distribution and consumption sector have sensitive responses to PHEs’ impulses. As the final link of the food supply chain, food distribution and consumption sector mainly includes wholesalers, retailers, importers and exporters, and consumers. Among them, wholesalers, retailers, importer and exporters carry out business activities under the market system and government supervision, with the goal of pursuing profits (Davis et al., 2021; Suyo et al., 2021), and closely link production enterprises with consumers. After the outbreak of serious infectious diseases, they are faced with the risks of insufficient domestic food production, quality decline, cost increase, demand fluctuation, market closure and so on. To avoid risks and reduce losses, these commercial entities quickly adjust their business strategies (Davis et al., 2021; Suyo et al., 2021; Zhan and Chen, 2021), resulting in large fluctuation in the responses of RSAFP in the short term. In the recovery aspect of food supply chain resilience, trade of food related to infectious diseases is severely impacted due to the adjustment of international market access and trade guidelines, so the impacts of PHEs on IAFP and EAFP are greater than those on RSAFP. In the adaptation aspect of food supply chain resilience, food is our daily necessity, so its price fluctuation is regulated by the government. Especially during major epidemics, dealers are subject to administrative punishment for driving up prices and not clearly marking prices. Therefore, the impacts of PHEs’ impulses on CPFP are significantly less than those on IAFP, EAFP, and RSAFP.





4 Discussions

The impacts of PHEs on the resilience of food supply chain have significant differences, dynamic characteristics and structural breaks. This is caused by the infectivity and mortality of PHEs, attributes of food products, regulation of supply and demand in the market, behavioral decisions of all participants, changes in the policy environment, and coordination and upgrading of all sectors in the supply chain.

Firstly, differences can be summarized as those in the impacts of PHEs on the resilience of partial sector or entire chain. From the impacts on the entire chain resilience, the impacts on the resilience of food distribution and consumption is significantly higher than those on raw materials production and supply sector, and food processing and manufacturing sector. Due to the large number of economic entities involved and the complex structure, food distribution and consumption sector gathers the risks conducted from food production, trade, distribution and consumption, so it is more affected by PHEs’ impulses, this is consistent with Zhan and Chen (2021). From the impacts on the partial sector resilience, PHEs has greater impacts on the resilience of raw material trade and food retail, followed by food output, producer price and profit, while have smaller impacts on raw material production, raw material price and consumption price. Food and raw materials trade is jointly regulated by the fluctuation of supply and demand from domestic and international markets, and also is restricted by market access, trade policies and guidelines. Therefore, it is greatly affected by PHEs’ impulses. The result supports the findings of Saboori et al. (2022) and Kazancoglu et al. (2023). Food retail is regulated by market supply and demand, especially demand. Therefore, when PHEs’ impulses simultaneously cause food supply fluctuations and demand decrease, food retail declines significantly. Faced with the impulses of PHEs, food enterprises reduce losses by adjusting output and price, and make profits after deducting costs. Therefore, the proxy variables in food processing and manufacturing sector are more closely linked, and the impacts of PHEs on their resilience are similar. Chinese government has issued a series of supporting policies to ensure the stability of the production and price of primary agricultural products, which mitigates the impacts of PHEs on production and price of raw materials; this is consistent with Li and Song (2022) and Jiang et al. (2021). Meanwhile, as an important indicator for food safety, food price has become an important regulatory object of the government. The existing support policies and regulatory system also alleviate the impacts of PHEs on food consumption price.

Secondly, the impact results on proxy variables have significant dynamic characteristics in the whole sample period. In raw materials production and supply sector, the impacts of PHEs on the production resilience of raw materials decreased significantly after 2009, which is attributed to the support policies by the Chinese government during this period. For example, the Chinese government abolished agricultural taxes in 2006, introduced a temporary grain collection and storage system in 2008, and substantially increased agricultural subsidies. The dynamic characteristics of the impacts on raw material price and trade resilience are mainly related to the attributes of PHEs in different periods (infectivity and mortality). In food processing and manufacturing sector, the dynamic characteristics of impact results depend mainly on the attributes of PHEs and the operation strategy of the manufacturers. In response to health events with different attributes, manufacturers reduce operational risks by adjusting food prices and output, which affects their profits. Therefore, the dynamic characteristics of food output, producer prices and profits resilience are correlated. In food distribution and consumption sector, the dynamic characteristics of impact results are mainly determined by the attributes of PHEs and the decisions of commercial entities, and regulated by the upgrading of supply chain, policies and regulatory systems. In particular, Chinese government revised the Food Safety Law, the hygiene regulations of food enterprises and the import and export inspection regulations around 2015, and vigorously promoted the construction of the agricultural product warehousing and logistics system, so as to upgrade the supply chain, and further improve policy and regulatory system. Therefore, the impacts of PHEs on food sales and trade resilience have been significantly reduced since then. However, compared with other major health events, the impacts of COVID-19 on the proxy variables (excluding industry profit margin and consumption price of food) are significantly reduced, although COVID-19 is far more harmful. This is mainly due to the agricultural policy, pandemic prevention measures and supply chain upgrading strategy promoted by the Chinese government in recent years, which have increased the resilience of food supply chain (specifically in the adaptation aspect). The results support the findings of Jiang et al. (2021) and Consoli et al. (2023). Meanwhile, government decision-makers should also be alert to major health events such as COVID-19 which breaks the food supply chain by depressing consumption prices and enterprise profits for a long time.

Finally, structural breaks are reflected in the change of the impact direction of PHEs on proxy variables in the lag phases and in different sample periods. On the one hand, in terms of structural breaks in the lag phases, almost all proxy variables have alternate positive and negative response values. Specifically, the structural breaks of the impacts on raw material production resilience have the largest alternate spacing and the longest duration (alternate spacing is between 3 to 5 lag phases, and the duration exceeds 24 lag phases), which is determined by the lag of farmers’ adjustment of production decisions and the growth cycle of agricultural products. The structural breaks of the impacts on food output and industry profit margin have large alternate spacing and long duration (alternate spacing is between 2–3 lag phases, and the duration is within 20 lag phases), which is related to quick decision-making and short production cycle of food enterprises. The structural breaks of the impacts on raw material trade, food sales and trade resilience have small alternate spacing and short duration (alternate spacing is between 1–2 lag phases, and the duration is within 12 lag phases), which is related to the sensitive perception of risks and rapid change of decision by commercial entities in the distribution sector. The impacts on raw material prices, producer prices and consumption prices are weak with low frequency of alternation. Agricultural products and food are life necessities, and have low price elasticity of demand. Additionally, the regulation and management policies implemented by the Chinese government in recent years also mitigate the structural breaks of PHEs’ impacts. On the other hand, structural breaks in different sample periods are mainly reflected in the impacts of PHEs on raw material price, food production prices and consumption prices resilience. Generally, impulses of PHEs have negative impacts on the prices of raw materials and food. However, when a serious outbreak of zoonotic infectious diseases causes reduction of raw material supply, labor shortage, production cost increase, and fluctuations in food production, the prices of raw materials and food rise rapidly. The results verify the findings of Saboori et al. (2022) and Consoli et al. (2023). Therefore, when serious infectious diseases break out, government decision-makers should be vigilant and prevent the sharp rise of agricultural products and food prices in the short term.



5 Conclusions and limitations


5.1 Conclusion

Based on the introduction of the composition of PHEs and the division of food supply chain, this paper briefly described their changing tendency. It adopted nonlinear Granger causality test to verify the nonlinear causal relationship between PHEs and proxy variables in the food supply chain. TVP-VAR-SV model was constructed and with its three-dimensional impulse response, this paper analyzed the dynamic impacts of PHEs on the resilience of food supply chain. The main conclusions are as follows:

	1. PHEs has significant nonlinear conduction effects and dynamic impacts on the resilience of food supply chain. The dynamic impacts have significant differences in different sectors. From the impacts on the entire chain resilience, the overall impacts on food distribution and consumption sector are significantly higher than those on raw material production and supply and food processing and manufacturing sector. From the impacts on the partial sector resilience, PHEs has the greatest impacts on food and raw material trade and food retail, followed by food output, producer price and profit, and the smallest impacts on raw material production, raw material price and food consumption price.
	2. The impacts of PHEs on the partial sector resilience have significant dynamic characteristics in the whole sample period. In raw materials production and supply sector, the dynamic characteristics of the impacts on raw materials output resilience are attributed to the agricultural support policies implemented by the Chinese government, while the dynamic characteristics of the impacts on raw materials price and trade resilience are related to the attributes of infectious diseases in different periods. In food processing and manufacturing sector, dynamic characteristics of impact results mainly depend on the attributes of infectious diseases and the operation strategy of manufacturers, which leads to correlation between the impulse responses of food production, producer price and profit. In food distribution and consumption sector, dynamic characteristics of impact results are mainly determined by the attributes of diseases and business decisions of commercial entities, and regulated by the upgrading of supply chain, policies and regulatory systems.
	3. In the recovery and adaptation aspects of food supply chain resilience, the impacts of PHEs have structural break characteristics. In the recovery aspect, positive and negative responses alternate in the lag phases. The structural breaks of the responses of raw material production are the most obvious as a result of the lagged effect of farmers’ decision adjustment and the growth cycle of agricultural products. The structural breaks of the responses of food production, trade, sales and industry profit margin have small alternating spacing and short duration, which is related to the sensitive perception of risks by commercial entities, rapid change of decisions and short production cycle. The structural breaks of the responses of raw material price, producer price and consumption price are weak, because agricultural products and food are life necessities and thus are regulated and supervised by the government. In the adaptation aspect, structural breaks in different sample periods are reflected in the impacts of PHEs on raw material price, food production price and consumption price. In particular, when the serious zoonotic infectious diseases lead to the reduction of raw material supply, shortage of labor force, increase of production costs, and fluctuation of food production, prices of raw materials and food are rapidly raised.



5.2 Limitations

This paper acknowledges that there are still some limitations in analyzing the impact of PHEs on the resilience of food supply chain. Firstly, this article matches the three-dimensional response results of PHEs shocks with the sensitivity, recovery, and adaptation of the food supply chain resilience by selecting proxy variables, to explore the direct impact of these results. However, the impacts of PHEs on agency variables in various departments of the food supply chain not only have direct impacts, but also transmission effects from other agency variables (indirect impacts). The transmission effects of PHEs’ impacts are latent and often difficult to identify and measure. In future research, the direct impacts of PHEs can be removed from the volatility of the proxy variables themselves, and then methods such as latent variable estimation or latent variable extraction can be applied to measure transmission effects. Secondly, the paper lacks a prediction of the impacts of PHEs on the resilience of the food supply chain. By studying the dynamic and nonlinear impacts of PHEs on the resilience of food supply chain, the long-term goal of this paper should be to predict the impacts of PHEs on the resilience of food supply chain, providing basis and support for effectively reducing the damage of major health emergencies to food supply chain in the future. Meanwhile, considering the higher accuracy of machine learning and deep learning in time series prediction analysis, in future research, this study should be used as the basic framework to construct a prediction system of food supply chain resilience that combines machine learning and deep learning, and then make various scenario prediction to cope with the impacts of PHEs.
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Due to the imbalance in the supply and demand of agricultural land, there is an increasing trend of land resources being remoted utilized across regions. Within the context of regional trade, changes in the agroecosystem service value (ESV) can be used to assess consumer responsibility. However, the embodied flow of ESV and its driving factors have been largely unexplored. This paper, utilizing the latest Chinese multi-regional input–output tables and the equivalence factor method, explores the spatiotemporal characteristics of embodied agricultural land and ESV flow between Guangdong and 30 other provinces, and further seeks to construct three types of embodied ESV models to reveal the driving factors. The findings reveal that during the process of domestic trade in goods and services, Guangdong Province has an inflow of 2.10 × 107 hm2 of land from other provinces, with arable land, forestland, and grassland accounting for 25, 61, and 14%, respectively. Guangdong’s utilization of ESV is mainly dependent on external inflows, with minimal local consumption and outflows. The embodied ESV between Guangdong and other provinces is 1626.10 billion yuan, with an outflow of 325.32 billion yuan. The “Y”-shaped region consisting of the northwest, northeast, southwest, and Hainan bears significant potential ESV losses for Guangdong Province. Population growth and the intensity of ESV loss will promote the flow of cropland and forestland ESV, while economic development has a certain inhibitory effect on ESV transfer. This paper provides a new analytical perspective on issues such as the spatial distribution mismatch of land resources and ecologically unequal exchange. These insights are pivotal for promoting sustainable utilization of land resources and regional equity.
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1 Introduction

Ecosystem service value (ESV) is a quantitative estimate of the potential service capacity of ecosystems (De Groot et al., 2012). Costanza et al. (1997) estimated the global annual average ESV to be 33 trillion US dollars, significantly higher than the global annual GDP of 18 trillion US dollars, thus profoundly demonstrating the immense economic value inherent in ES. Since then, ESV research has experienced rapid development (Kubiszewski et al., 2013; Zeng et al., 2023). Land serves as the spatial carrier for primary economic activities of human society and is also the fundamental resource and material basis for human survival. In other words, land possesses not only socioeconomic attributes but also ecological values, including provisioning, regulating, supporting, and cultural services, i.e., ESV. In the prevailing economic organizational framework, characterized by expanding production networks and the realignment of resource supply to meet commodity demand, economically developed regions with large populations and relatively scarce land resources indirectly utilize the land resources of other regions through the trade of land intensive products, thereby alleviating land resource shortages and obtaining ecosystem services (Chen and Han, 2015). Existing research has shown that under the context of “ecologically unequal exchange, “developed economies inadvertently transfer ecological and environmental burdens to less developed economies. This transfer often manifests in the form of significant challenges like biodiversity loss, soil erosion, and food insecurity, exacerbating environmental issues in these underdeveloped regions (Shandra et al., 2009; Marselis et al., 2017; Dorninger et al., 2021). However, this environmental damage remains uncompensated, whether through monetary transfers in trade or economic assistance. Therefore, accounting for the profit and loss of ESV resulting from trade interactions between different regions is of significant importance for regional equity and sustainable development.

Regional ESV can be transferred through two primary mechanisms: natural processes and trade activities. For example, ecosystem products can naturally move across regions through media such as water, air, and soil, leading to spatial transfers of ESV (Koellner et al., 2019). This type of research often falls under the theme of “ecosystem service flows” and is based on an overall research framework of “pattern analysis-flow simulation-supply and demand matching,” ultimately leading to ESV accounting (Villamagna et al., 2013; Cui et al., 2022; Liu C. et al., 2023). Alternatively, ecosystem products can be transferred in the form of entities (e.g., commodities) through trade networks. The embodied flow of ESV within trade activities has garnered increasing attention from domestic and international academia. For instance, Chen et al. (2019) used a multi-regional input–output model (MRIO) to explore interprovincial land consumption and ecosystem services remotely correlated in China, but did not valorize ecosystem services. Lin et al. (2020) employed an environmental impact assessment method and MRIO to establish an ecological compensation estimation framework for the Beijing-Tianjin-Hebei region in 2012, using the ratio of the number of adjacent regions to quantify the transfer of ESVs from neighboring regions. Zhang et al. (2021) introduced research on ecologically unequal exchange from Ecological Marxism into the field of ecological compensation and proposed the use of currently more mature environmentally extended MRIO models to calculate the disparities in interregional unequal exchange. The MRIO models can track value chains and their feedback effects among multiple trading partners through interregional trade matrices, thereby revealing the ultimate consumers of products and the associated resource and environmental costs (Miller, 1969). However, research based on this model has primarily focused on accounting for embodied land resource at different scales (O’Brien et al., 2015; Bosire et al., 2016; Vivanco et al., 2017). In summary, research related to the profits and losses of ESV from a domestic and international trade perspective is still in its early stages. The research topics, quantity, and targeted regions are relatively limited. The idea of measuring interregional ESV transfer based on embodied land research is reasonable and feasible (Zeng et al., 2023). Therefore, this study utilizes a MRIO model to assess the transfer of agricultural land and ESV between regions to address the shortcomings in the research on ecological compensation.

There are three main methods for assessing ESV: the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model (Sharp et al., 2020), the energy-based accounting method (Yang et al., 2019) and economic assessment. Specifically, the InVEST model focuses on obtaining the total value by quantifying the amount of ecosystem service functions and their unit prices. Such methods simulate ecosystem service functions at a local level by establishing production equations between individual service functions and local ecological environmental variables. The energy-based accounting method, from an ecological thermodynamics’ perspective, posits that everything necessary for human survival ultimately relies on natural resource provisioning, driven fundamentally by solar energy at different spatial and temporal scales (Franzese et al., 2017). Therefore, it can convert different types of incomparable energies into a comparable and standardized measure known as solar energy value. The method of equivalence factor belongs to the economic assessment category and is primarily represented by the global equivalent factor table developed by Costanza et al. (2014) and the Economics of Ecosystems and Biodiversity (TEEB), as well as the national-level equivalent factor table developed by Xie et al. (2017). In provincial studies, the equivalent factor method is widely adopted due to its operability and efficiency. On one hand, the value of standard unit ESV equivalent factors can be adjusted based on the natural and socio-economic characteristics of the consuming provinces to better reflect the actual values in unequal exchanges. On the other hand, when discussing specific compensation types, researchers can easily add or subtract ESV categories using this method.

In this study, agroecosystem services associated with Guangdong Province are selected as the main research object. Guangdong is the largest provincial economy in China with a large population and strong trade links with the rest of the country. On the other hand, among the various types of land implicit in regional trade, agricultural land is considered to have important ecological value, while construction land associated with industry and services has low ESV (Kubiszewski et al., 2020; Xiao et al., 2020). Guangdong is also an important agricultural production area in China, and the transferred ESV is not negligible. Therefore, assessing the profits and losses of ESV and its driving factors in Guangdong is representative and noteworthy. Based on the latest MRIO tables and equivalent factor method, this study examines the spatiotemporal characteristics of embodied agricultural land and ESV flow between Guangdong Province and 30 other provinces, and seeks to construct three types of embodied ESV models to reveal the driving factors. This study provides a new analytical perspective for spatial mismatch of land resources and ecologically unequal exchange and offer theoretical and data support for achieving sustainable land resource utilization and regional equity.



2 Methodology and data


2.1 Transfer of agricultural land

The MRIO tables in China contain the input–output relationship among 31 provinces (excluding Taiwan, Hong Kong, and Macau) and 42 sectors. Following the approach by Shaojian and Jieyu (2023), the agricultural sector has been disaggregated into three types of agricultural land (arable land, forest land, pasture) to provide different land use coefficients for each type of land, and to estimate the embodied agricultural land flows between Guangdong province and other provinces. The MRIO model can be described as:

[image: Mathematical equation representing a model: \(x_i^r = \sum_{s=1}^{m} \sum_{j=1}^{n} a_{ij}^{rs} x_j^s + \sum_{s=1}^{m} y_i^{rs} + e_i^r\), labeled as equation (1).]

where m represents the number of provinces and n represents the number of sectors. [image: The image shows a mathematical symbol representing \( x_i' \), with a subscript \( i \) and a prime indicating differentiation or another mathematical operation.] represents the total output of sector i in region r; [image: Mathematical expression with subscript "i j" and superscript "r s" applied to variable "a".] represents the value of output from sector j in region s that requires one monetary unit of output from sector i in region r, i.e., the direct input coefficient; [image: Mathematical notation showing the variable \( y \) with subscript \( i \) and superscripts \( r \) and \( s \).] represents the final consumption of sector i in region s provided by region r; [image: Mathematical expression showing the letter "e" raised to the power of "r" with subscript "i".] represents the products or services of sector i in region r supplied to the rest of regions. Eq. 1 can be simplified into a matrix to describe the entire input–output system as follows:

[image: Equation labeled as equation two shows \( x = Ax + Y \).]

[image: Equation labeled 3: x equals the inverse of matrix I minus A, multiplied by Y.]

where x, A, and Y represent matrices for inputs, direct input coefficients, and final demand, respectively. Eq. 3 is a transformed version of Eq. 2, where (I-A)−1 is the Leontief inverse matrix, and I is the identity matrix. To calculate the hidden land used in the production of goods and services, Eq. 3 can be further extended by incorporating a land use coefficient matrix:

[image: Equation showing \( L_k = l_k (I - A)^{-1} Y \), labeled as equation (4).]

where [image: Mathematical notation showing a lowercase "l" with a subscript "k".]is the column vector representing the use of land type k by various economic sectors in each province, and [image: Mathematical expression representing \( L_k \) with a subscript "k".] is the flow matrix representing the land area of land type k used by various sectors in each province.



2.2 Calculation of ESV

Ecosystem services can be classified into four main categories with nine service functions, including provisioning services (food production, raw material production), regulating services (gas regulation, climate regulation, hydrological regulation, waste treatment), supporting services (soil conservation, biodiversity), and cultural services (aesthetic landscape) (Xie et al., 2008; Leemans, 2009). The ESV coefficients per unit area for arable land, forest land, and grassland were revised based on the geographical location and natural conditions of Guangdong Province (Zhang et al., 2022; Liu Z. et al., 2023), resulting in comprehensive coefficients of 1.946, 39.368, and 16.338, respectively. Because arable land is primarily used for productive activities, this study assumes that only provisioning ESV are transferred in trade, while other services are used locally. It is also assumed that all four categories of ESV for forest land and grassland are transferred or lost in trade when products and services are moved and no longer function locally. Although forest land and grassland may continue to provide some ecosystem services after being converted into commodities and services in trade, due to data constraints, these assumptions are necessary. The standard unit ESV equivalence factor in this study is calculated using Guangdong Province’s major cereal crops, mainly rice and potatoes (Zhao and Su, 2022). Through calculation, the economic value of one standard unit ESV equivalence factor in Guangdong is determined to be 2870.73 yuan/hm2, and this value is used in conjunction with the hidden land matrix and value coefficients to calculate the transfer of ESV between regions. The ESV calculation formula is as follows:

[image: Mathematical equation displaying the formula ESV subscript k superscript rs equals the summation from k equals one to n of parenthesis S subscript k times V subscript k times D parenthesis.]

where [image: ESV with superscripts r and s, and subscript k.] represents the ESV of land type k transferred from province r to province s; [image: The image displays the mathematical notation "S" with a subscript "k," typically representing a sequence or set indexed by "k."] is the area of land type k transferred; [image: A mathematical notation showing an uppercase italic letter "V" with a subscript "k".] is the comprehensive coefficient of ESV per unit area of land type k; D is the economic value of one standard unit ESV equivalence factor in Guangdong Province.



2.3 STIRPAT model

York et al. transformed the classic IPAT equation (York et al., 2003; Lohwasser et al., 2020), which states that environmental impact (I) is equal to the product of population (P), affluence (A), and technological level (T), into a stochastic regression impact model known as the STIRPAT model to reveal the influence of socio-economic factors on the ESV (I). The formula is as follows:

[image: The equation shows "I equals a plus bP plus cA plus dT plus e" followed by a number in parentheses, six.]

where a is a constant; the coefficients for P, A, and T are represented as b, c, and d, and e is the error term. When analyzing the factors affecting ESV transfers using Eq. 6 (Luo et al., 2020), I represents the ESV value transferred from a province to Guangdong. An increase in population size leads to an expansion of production scale, thus transferring ESV through trade relationships. Therefore, this study uses population size to represent P. Affluence represents the region’s level of economic development and income, influencing production structure and ESV gains and losses. This study uses per capita consumption expenditure, urbanization rate, and GDP to characterize A. Additionally, following the research of Zhu et al., the ESV loss caused by trillion GDP is used as an indicator of technological level (Zhu et al., 2019). According to Eq. 7, if two of the three driving factors, P, A, and T, remain constant, the impact of the remaining factor on environmental changes is considered as its contribution to environmental change.



2.4 Data

The MRIO table contains the interregional input–output table of 31 provinces in mainland China, which was published by the China Emission Accounts & Datasets1 (Zheng et al., 2021). Land use data is sourced from the “China Statistical Yearbook.” Grain crop data and the proportion coefficients for the disaggregation of the agricultural sector are obtained from the ‘China Rural Statistical Yearbook’ and the ‘Guangdong Rural Statistical Yearbook.’ The grain crop data (unit output value and the proportion of planting area for rice and potatoes) are used to calculate the economic value of the equivalence factor. The proportion coefficients for the disaggregation of the agricultural sector are based on the percentages of the four agricultural sectors (agriculture, forestry, animal husbandry, and fishery) recorded in the ‘China Rural Statistical Yearbook,’ which are used to divide the ‘agriculture, forestry, animal husbandry, and fishery products and services’ sector in the input–output table into the four sub-sectors for each province. This division aligns with the categories of land use (arable land, forest land, pasture, and fishery land) and provides a more accurate estimate of land use coefficients for the sub-sectors. Population, GDP, per capita consumption expenditure, and other data are sourced from the ‘China Statistical Yearbook.’ All data in this study are from the year 2017.




3 Results


3.1 Embodied flow of agricultural land in Guangdong

Figure 1 illustrates the inflow and outflow of agricultural land caused by final demand in Guangdong Province in 2017. In 2017, the areas of arable land, forest land, and pasture in Guangdong Province were 2.60 × 106 hm2, 1.08 × 107 hm2, and 3.1 × 103 hm2, respectively, with pasture land being relatively scarce. As one of the most developed provinces in China, Guangdong Province has a significant amount of embodied inflow land in the process of domestic trade in goods and services. The total land gains and losses in Figure 1A show that Guangdong Province had a total of 2.10 × 107 hm2 of three types of embodied land, with only 3.53 × 106 hm2 outflowed, resulting in an inflow–outflow ratio of 5.96. Among these, Yunnan, Guangxi, Inner Mongolia, Guizhou, and Heilongjiang are the largest sources of supply for the province’s agricultural sector, accounting for 15.20, 13.36, 12.22, 10.70, and 8.31% of the total inflow, respectively. The five provinces with the smallest inflow areas are Shanghai, Beijing, Tianjin, Ningxia, and Shanxi, collectively accounting for only 0.83% of the total inflow. On the other hand, the top five provinces to which Guangdong transfers its agricultural land are Zhejiang, Henan, Jiangsu, Beijing, and Yunnan, with the outflow to Zhejiang accounting for 43.87% of the total. The five provinces with the smallest outflow areas are Qinghai, Tibet, Hainan, Ningxia, and Tianjin, together accounting for only 2.58% of Guangdong’s total outflow.

[image: Four bar graphs labeled A, B, C, and D compare migration data to and from Guangdong province for various regions in China. Each graph uses blue bars for migration to Guangdong and orange for migration from Guangdong, with measurements in area (1000 m²). Graph A shows high values for a few regions, graph B shows moderate values, graph C displays a mix with noticeable peaks, and graph D highlights a dominant outbound migration for a single region.]

FIGURE 1
 Embodied agricultural land inflows/outflows in Guangdong Province in 2017. (A) Total land area. (B) Arable land. (C) Forest land. (D) Pasture.


As shown in Figure 1B, the domestic inflow of arable land into Guangdong Province amounts to 5.16 × 106 hm2, while the outflow from Guangdong is 6.84 × 105 hm2, resulting in an inflow–outflow ratio of 7.55. The top five provinces with the highest inflow of arable land into Guangdong are Guizhou, Heilongjiang, Yunnan, Guangxi, and Jilin, accounting for 14.20, 12.93, 11.89, 11.55, and 7.46% of the total inflow, respectively. The five provinces with the smallest inflow of arable land into Guangdong are Shanghai, Tibet, Beijing, Qinghai, and Tianjin, with Shanghai having the smallest inflow of only 1626.70 hm2. Figure 1C indicates that the domestic inflow of forest land into Guangdong Province amounts to 1.29 × 107 hm2, while the outflow from Guangdong is 2.84 × 106 hm2, resulting in an inflow–outflow ratio of 4.53. The top five provinces with the highest inflow of forest land into Guangdong are Yunnan, Guangxi, Guizhou, Inner Mongolia, and Heilongjiang, accounting for 19.96, 17.21, 11.70, 8.66, and 8.03% of the total inflow, respectively. The five provinces with the smallest inflow of forest land into Guangdong are Shanghai, Tianjin, Beijing, Ningxia, and Jiangsu, collectively accounting for only 0.58% of the inflow. Figure 1D shows that the domestic inflow of pasture land into Guangdong Province amounts to 3.01 × 106 hm2, while the outflow from Guangdong is 817.27 hm2, resulting in a significant disparity between inflow and outflow quantities. Provinces with a relatively large amount of embodied pasture land from outside Guangdong include Inner Mongolia, Xinjiang, Qinghai, Tibet, and Sichuan, accounting for 40.79, 18.71, 13.75, 10.05, and 5.16% of the total inflow, respectively. The five provinces with the least inflow of pasture land into Guangdong are Tianjin, Shanghai, Jiangsu, Beijing, and Fujian, with almost no inflow. Due to the similar trade structure of Guangdong’s agricultural sector with other provinces, the characteristics of outflows of arable land, forest land, and pasture land from Guangdong are consistent with the overall outflow characteristics. Overall, Guangdong has a relatively large embodied land exchange with Yunnan Province, while it has a smaller exchange of embodied land with Ningxia and Tianjin.



3.2 Embodied flow of ESV in Guangdong

Guangdong Province locally produced and possessed ESV amounting to 684.51 billion yuan, while the embodied flow ESV with other regions totaled 1,625.10 billion yuan, with an outflow of 325.32 billion yuan. The utilization of ESV in Guangdong relies primarily on imports from other regions, with local production and a small amount of exports playing secondary roles. A comparison of the proportion of land sources reveals that Guangdong’s ESV supply from arable land is the most stable, followed by forest land, while the ESV from pasture land is more dependent on specific provinces. In Guangdong’s trade with other provinces, Hainan, Guizhou, Guangxi, and Yunnan transferred 33.92, 16.23, 13.60, and 9.90% of their own ESV, respectively (Figure 2A). As shown in Figure 2B, Guangdong Province locally produced and possessed ESV from arable land valued at 46.27 billion yuan. The combined embodied ESV from arable land of provinces amounts to 28.85 billion yuan, with Guizhou having the highest embodied ESV at 4.10 billion yuan, and eight provinces including Heilongjiang (3.73), Yunnan (3.43), Guangxi (3.33), Jilin (2.15), Henan (1.54), Hainan (1.37), Inner Mongolia (1.28), and Shaanxi (1.06) having embodied ESV exceeding 1 billion yuan. These nine provinces account for 76.24% of the total ESV inflow to Guangdong Province. The outflow of ESV from Guangdong’s arable land amounts to 3.82 billion yuan. As depicted in Figure 2C, Guangdong Province locally produced and possessed ESV from forest land valued at 684.43 billion yuan. The combined embodied ESV from forest land of provinces totals 1455.15 billion yuan, with Yunnan having the highest embodied ESV at 290.43 billion yuan. Provinces with ESV exceeding 100 billion yuan include Guangxi (250.41), Guizhou (170.23), Inner Mongolia (126.04), and Heilongjiang (116.89). These five provinces with ESV account for 65.56% of the total ESV inflow to Guangdong, while 19 provinces with ESV exceeding 10 billion yuan collectively account for 96.47% of the total ESV inflow. The outflow of ESV from Guangdong’s forest land totals 321.46 billion yuan. In contrast, Guangdong Province lacks abundant pasture land resources, with locally produced and possessed ESV from pasture land amounting to only 0.08 billion yuan, while the embodied ESV from pasture land outside the province reaches 141.1 billion yuan (Figure 2D). Provinces with ESV exceeding 5 billion yuan in this category include Inner Mongolia, Xinjiang, Qinghai, Tibet, Sichuan, Gansu, and Shaanxi, totaling 95.84% of the total ESV inflow to Guangdong. The outflow of ESV from Guangdong’s pasture land amounts to 0.04 billion yuan.

[image: Four bar graphs labeled A, B, C, and D, showing ESV values in 10^9 yuan for different regions. Blue bars represent values going to Guangdong, and orange bars represent values from Guangdong. Each graph has different scales and highlights varying levels of exchange between Guangdong and other regions like Beijing, Hebei, and more, with noticeable differences across the graphs.]

FIGURE 2
 Embodied EVS inflows/outflows in Guangdong Province in 2017. (A) Total land area. (B) Arable land. (C) Forest land. (D) Pasture.


Furthermore, we used a quantile method to categorize the ESV transfer deficit (i.e., outflow minus inflow) into five classes to explore its spatial distribution characteristics (Figure 3). As shown in Figure 3A, provinces in the first tier with a deficit in arable land ESV compared to Guangdong Province include Heilongjiang and Jilin in the Northeast, Henan in the central region, Yunnan, Guangxi and Guizhou in the Southwest and Hainan. Provinces with a surplus in arable land ESV compared to Guangdong Province include Zhejiang, Beijing, Shanghai, and Tibet. Provinces with a larger deficit in forest land ESV compared to Guangdong Province are Heilongjiang, Inner Mongolia, Shaanxi in the northern region, Yunnan, Guangxi, Guizhou, and Hainan in the Southwest (Figure 3B). Provinces with a surplus in forest land ESV compared to Guangdong Province are primarily economically developed areas, such as Zhejiang, Beijing, Jiangsu, Shanghai, Shandong, and Tianjin. Figure 3C reveals that provinces with a significant deficit in pasture land ESV compared to Guangdong Province are more concentrated in the northwest region, while some provinces in the southeastern part have a small surplus compared to Guangdong Province. Figure 3D shows the ESV transfers and total deficits between Guangdong and other provinces. Although Yunnan, Shaanxi and Xinjiang are transferred more ESV from Guangdong, they are still in a weaker position of ESV deficit in trade with Guangdong. Overall, due to the relatively high ESV of forest land, the overall ESV deficit pattern in Guangdong Province is mainly influenced by the deficit in forest land ESV. In national trade, the ‘Y’-shaped region encompassing the Northwest, Northeast, Southwest, and Hainan incurs potential ESV losses for Guangdong Province.

[image: Four maps of China depict ecosystem service value (ESV) deficits across provinces. Maps A, B, and C use color gradients from green to red to indicate varying deficit ranges in 10,000 yuan. Map D shows ESV deficits in billions of yuan using colored dots and lines representing transfer flows to and from Guangdong. Insets provide regional details.]

FIGURE 3
 Transfer deficit of ESV in Guangdong province (GD) in 2017. (A) Arable land. (B) Forest land. (C) Pasture. (D) Total land area.




3.3 Driving forces of embodied ESV

The arable land ESV (Ic), forest land ESV (If), and pasture land ESV (Ig) transferred from other provinces to Guangdong are selected as dependent variables in 2017. The independent variables include population (P), per capita consumption expenditure (A1), urbanization rate (A2), GDP (A3), and trillion GDP-ESV loss (T). Based on the variables, three STIRPAT models for ESV transfer are constructed. Descriptive statistics for the indicators are provided in Table 1.



TABLE 1 Descriptive statistics of indicators.
[image: A detailed table compares various provinces paired with Guangdong, listing columns such as \(I_c\), \(I_f\), \(I_g\), \(P\), \(A_1\), \(A_2\), \(A_3\), \(T_c\), \(T_r\), and \(T_g\). Data includes values like numbers and percentages, structured in rows for each province with Guangdong.]

Table 2 presents the regression results for three models. It’s worth noting that in the ESV transfer regression models, the influencing factors are used as the difference between the transferring province and Guangdong Province, along with the value of the transferring province itself. The results indicate a strong collinearity between the two, so only the value of the transferring province itself is used as the influencing factor. In the arable land ESV transfer regression model, a stepwise regression was performed for the affluence indicators, and GDP, population, and technological indicators can explain 82.08% of the arable land ESV transfer, indicating a good fit.

[image: Mathematical equation for I sub c equals 18.18235 times P minus 1.134745 times A sub 3 plus 1.148807 times T minus 25367.39, labeled as equation 7.]

From Eq. 7, it can be seen that the main factors affecting the transfer of arable land ESV are population, GDP, and trillion GDP-ESV loss. For each increase of 10,000 people in population, the arable land ESV transfer will increase by 181.8 thousand yuan. For each increase of 10,000 yuan in trillion GDP-ESV loss, the arable land ESV transfer will increase by 11.5 thousand yuan. Conversely, for each increase of 100 million yuan in GDP, the arable land ESV transfer will decrease by 11.3 thousand yuan.



TABLE 2 Regression results.
[image: A table presents statistical data for indicators \(c\), \(f\), and \(g\). Each indicator contains columns for Coefficient, Standard Error, and \(t\) statistic. For \(c\), the constant coefficient is \(-25367.39\), \(P\) is \(18.18235\), \(A_3\) is \(-1.134745\), \(T\) is \(1.148807\). For \(f\), the constant is \(-2142117\), \(P\) is \(987.0835\), \(T\) is \(1.202565\). For \(g\), the constant is \(-2166065\), \(P\) is \(123.3331\), \(T\) is \(0.355464\). \(R^2\) values are \(0.8208\), \(0.7738\), \(0.3383\) for \(c\), \(f\), and \(g\) respectively.]

The factors in the forest land ESV transfer regression model can explain 77.38% of the forest land ESV transfer, indicating a good fit for the equation. However, due to the concentration of provinces transferring embodied pasture land ESV to Guangdong Province, the fit for the pasture land ESV transfer regression model is only 33.83%. Therefore, no further analysis is conducted for this model.

[image: Equation labeled as eight: \( I_f = 987.0835P - 61.8079A_3 + 1.202565T - 2142117 \).]

As shown in Eq. 8, there are three main factors influencing the transfer of forest land ESV. Among these factors, the effects of population and trillion GDP-ESV loss are positively, while the effect of GDP is negative. For each increase of 10,000 people in population, the transfer of forest land ESV will increase by 9.87 million yuan. For each increase of 100 million yuan in GDP, the transfer of forest land ESV will decrease by 618.1 thousand yuan. For each increase of 10,000 yuan in trillion GDP-ESV loss, the corresponding ESV transfer increases by approximately 12.0 thousand yuan. The factors influencing the transfer of arable land ESV and forest land ESV are consistent, indicating similarities in the development of the agricultural sector. After removing extreme outlier values, the influence of pasture land ESV transfer also converges with the previous two. Regarding the population indicator, an increase in population leads to increased employment and public fiscal expenditure pressure, which may prompt local efforts to develop advantageous industries and increase foreign trade, thereby increasing ESV transfer (Reid et al., 2005; Salman et al., 2022). In the case of technological backwardness, it implies that production and trade activities may cause significant ecological damage, and the delayed industrial upgrading due to technological issues may result in a focus on low-threshold primary industries, thereby increasing ESV transfer (Wang and Liu, 2020). For the affluence indicator, provinces with higher GDP tend to have more advanced industrial structures. On one hand, local fiscal dependence on agricultural trade revenue decreases, and on the other hand, these provinces often have more intensive land use and better-developed industries, which can reduce ESV transfer to some extent (Chen et al., 2022). Comparatively, the population size has a greater impact on ESV transfer than GDP. Therefore, to better balance socio-economic development and ecological environmental protection, local governments should transform their development concepts from high-speed growth to high-quality development and increase per capita GDP.




4 Discussion and conclusions


4.1 Discussion


4.1.1 Policy implications

Ecosystem services refer to the benefits that humans directly or indirectly derive from ecosystems (Bolund and Hunhammar, 1999). Quantifying their value helps us understand the direct connection between the natural environment and human well-being, raising awareness about the potential loss of usable value to the environment due to its degradation during the process of socio-economic development. This, in turn, positively influences people’s behaviors, lifestyles, and approaches to environmental transformation (Posner et al., 2016). From a trade perspective, accounting for the gains and losses of ecosystem services resulting from interregional interactions is a beneficial endeavor guided by the United Nations Sustainable Development Goals (SDGs). SDG 10, “Reducing inequality within and among countries,” and SDG 12, “Ensuring sustainable consumption and production patterns,” imply that various costs exist in quantifying regional trade relationships. Exploring optimal production and distribution patterns on this basis is necessary.

For provinces with an ESV deficit position in interprovincial trade, ESV outflows have both positive and negative implications. On one hand, it implies that the province bears a greater share of production functions on its land, potentially leading to the inability to convert some potential ecosystem services into human well-being, as well as bearing the pollution that may arise from the production process. On the other hand, trade brings investments and returns that stimulate local economic development, increase residents’ income, and create employment opportunities. Therefore, for provinces like Heilongjiang, Shaanxi, and Yunnan, which have significant ESV outflows, it is important to strengthen research on ecological sensitivity and ecological-economic marginal effects. This can help in accelerating industrial transformation and upgrading GDP, thereby avoiding irreversible damage to the ecological environment. Referring to the relationship between water resources and agricultural production, the loss of ESV may be exacerbated in some provinces (Zhao et al., 2019). Specifically, since the land productivity gap between non-agricultural and agricultural production is much larger than the regional water scarcity gap, water-rich regions are more willing to use their land resources for non-agricultural production and import agricultural products from other regions. As a result, regions with relative water scarcity are forced to engage in agricultural production. Combined with the 2017 Bulletin of Annual Evaluation Results of Ecological Civilization Construction released by the China Statistical Bureau, some provinces that have large ESV deficits in trade but are not in a good ecological situation should be given further attention. For example, Henan, Heilongjiang, and Guizhou with high ESV losses in arable land, Heilongjiang, Guizhou, Shaanxi, and Inner Mongolia in forest land, and Xinjiang, Tibet, Gansu, and other northwestern provinces in pasture land. Measures that can be taken include tilting ecological restoration funds to these provinces, transforming the industrial structure accordingly, and launching counterpart ecological compensation pilots.

The results of the study on embodied ESV transfers can be used to measure and monetize responsibility directly from the perspective of consumption (Naeem et al., 2015), contributing to the realization of PES mechanisms and helping to estimate and determine “who, what and how much to pay, the mechanism of payment, etc.” Resource and environmental problems caused by land mobility in a region do not only need to be solved locally, but also require the responsibility of the rest of the region that consumes the land in the region. In addition, since regional ESV estimates may be higher than regional GDP, policy makers can learn from the experience of carbon markets to set tax rates to improve the feasibility of inter-regional mutual aid (Lin et al., 2020).



4.1.2 Uncertainty and future studies

There are some uncertainties in this study. First, the MRIO table is only updated to 2017, and the findings are susceptible to changes in trade structure. However, the pattern of combining previous studies (Cai et al., 2020) can still be followed. From 2002 to 2012, the Northeast and Northwest were the main exporters of embodied agricultural land, while the East Coast and South Coast were the main importers. Guangdong, which is on the South Coast, remained the main importer in 2017, in line with this general trend. Net exports of embodied agricultural land increased further over the study period from the Northeast and Northwest to the East and South Coasts. Inland regions such as Inner Mongolia, Heilongjiang and Xinjiang are the main exporters of embodied agricultural land, which also matches the findings of this study. We thus have reason to believe that there is some path dependence on the robustness of the 2017 data and the embodied agricultural land transfer.

In addition, the traditional STIRPAT model cannot cover all the influencing factors of ESV changes. We only considered socio-economic factors such as technology, economy and population, and lacked consideration of variations in natural factors. While this paper quantifies the gains and losses of ESV in Guangdong Province, the ESV transferred out by exporting provinces should be further explored in future research. Taking forested land as an example, protective forests and economic forests may have different levels of utilization intensity. Protective forests may continue to provide services like gas regulation and climate regulation without being destroyed when exporting goods and services, whereas economic forests may be damaged, resulting in the loss of potential ESV value. Therefore, subsequent more refined accounting for ESV gains and losses will contribute to developed regions taking responsibility for the land and environmental damage caused by urbanization and industrialization processes in underdeveloped areas, increasing their willingness to pay, and achieving sustainable land resource utilization and regional equity.





5 Conclusion

Using the MRIO model and equivalent factor method, this study investigated the provincial-level embodied ESV flows between Guangdong Province and other provinces in China. Based on the overall situation of embodied ESV transfer, we constructed STIRPAT regression models to reveal the driving forces for ESV transfer, and provided a new perspective for regional equity and sustainable development. The main conclusions are as follows:

During the process of domestic trade in goods and services, Guangdong Province has an inflow of 2.10 × 107 hm2 of land inflow from other provinces, with arable land, forestland, and grassland accounting for 25, 61, and 14%, respectively. Within Guangdong, these three types of land amount to 1.34 × 107 hm2, with approximately 56% being used locally and 26% flowing out to other provinces. Yunnan, Guangxi, Inner Mongolia, Guizhou, and Heilongjiang are the largest sources of embodied land supply for Guangdong’s agricultural sector, while the top five provinces to which Guangdong transfers land out of the province are Zhejiang, Henan, Jiangsu, Beijing, and Yunnan. Guangdong Province locally produces and utilizes ESV totaling 684.51 billion yuan, while the embodied ESV amounts to 1625.10 billion yuan, with an outflow of 325.32 billion yuan. The utilization of ESV in Guangdong is mainly dependent on external inputs, with minimal local consumption and outputs. When comparing the proportions of ESV sources, Guangdong’s arable land ESV supply remains the most stable, followed by forest land. Notably, pasture land ESV exhibits a higher dependence on specific provinces, with seven provinces—Inner Mongolia, Xinjiang, Qinghai, Tibet, Sichuan, Gansu, and Shaanxi—contributing over 5 billion yuan, accounting for 95.84% of the total inflow.

The provinces that experience an ESV deficit compared to Guangdong Province are mainly located in the northeast, southwest, and northwest regions, where ecological endowments are relatively favorable but economic development is slower. Conversely, the provinces with an ESV surplus are mainly located in coastal areas. Due to the relatively high ESV of forested areas, the overall ESV deficit pattern is primarily influenced by the ESV deficit in forested areas. In the national trade context, the “Y”-shaped region encompassing the northwest, northeast, southwest, and Hainan Island has incurred significant potential ESV losses for Guangdong Province. The main factors affecting the transfer of arable and forest land ESV are population, GDP, and trillion GDP-ESV loss. Among these factors, the effects of population and trillion GDP-ESV loss are positively, while the effect of GDP is negative.
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Agrifood markets play a pivotal role in assuring national food security and improved welfare for smallholder farm families. However, the extent to which this is possible depends on the structure and performance of these markets. This study utilizes primary data collected from 326 cassava marketers operating in 15 markets to examine the structure and performance of the cassava market in Cameroon. We employ parametric and non-parametric techniques to determine the degree of market concentration and marketing performance of these cassava marketers. Our findings highlight a high market concentration with a Gini coefficient (GC) of 0.76 and 0.79 for wholesalers and retailers, respectively. This indicates that the cassava market is probably oligopolistic in structure. In addition, we reveal that average marketing efficiency is 14.20% and 87% for retailers and wholesalers, respectively. This indicates that retailers are relatively inefficient as compared to wholesalers. Furthermore, we observed that prices are set up in the markets according to the place of sale and the type of marketers. However, prices are influenced by factors such as transport, the quantity sold in on-spot markets, and the need for liquidity. In general, our results highlight that the region, type of marketer (wholesaler or retailer), and socio-economic factors account significantly for the variation of odds to participate in markets. Hence, to influence the dynamics of price on the consumers, it might be necessary to promulgate policies that could improve retailers' efficiency. This might be through the restructuring of retailers into cooperatives and associations which may permit retailers to access other critical resources.
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1 Introduction

There is a resurgent interest in the study of agrifood market price linkages (Akem et al., 2019; Guerrero Lara et al., 2023). This is attributable to the notion that access to the market plays an important role in assuring better income and welfare among smallholders (Ferris et al., 2014; Mmbando et al., 2015; Magesa et al., 2020). Moreover, inaccessibility to the input and output market is a principal inhibitor to smallholders' productivity and regional food security (Nakawuka et al., 2018). This notion has driven research on agrifood linkages to focus on understanding the nature of price signals in regional (Marsden et al., 2019; von Cramon-Taubadel and Goodwin, 2021; Barrett et al., 2022) and international markets (Bitzer et al., 2013; Marsden, 2013; Dou et al., 2020).

Agricultural markets are pivotal for sustainable economic development (World Bank, 2007; Akram-Lodhi, 2008; Veltmeyer, 2009). The Sustainable Development Goal to “end hunger, achieve food security and improved nutrition, and promote sustainable agriculture” (SDG2) recognizes the role of markets in empowering small farmers, promoting gender equality, and ending rural poverty in the Post-2015 Development Agenda. An essential component of any plan aimed at achieving more productive and sustainable agriculture and rural development is to guarantee agricultural and food producers' access to markets that exhibit greater efficiency, transparency, and competitiveness (Nkendah et al., 2007; Mvodo and Liang, 2012a; Neik et al., 2023). Markets have a significant influence on the availability, accessibility, utilization, and stability of food (Mmbando et al., 2017). Efficient agricultural marketing systems can lower food expenses and minimize supply fluctuations, thus enhancing the food security of both impoverished and affluent households (Bitzer et al., 2013; Barrett et al., 2022). Although markets serve as a crucial link, they often fail to function efficiently for both producers and consumers. Expanding interconnected markets present significant prospects for increased revenue, but they also include hazards due to extended food value chains, where external forces exert a stronger influence and smallholder farmers have less control over input and product pricing (Abdou, 2007; Akem et al., 2019). Given the significant transformations occurring in agricultural markets, a crucial concern for development is to improve the involvement of small-scale farmers and guarantee that agricultural expansion will effectively reduce poverty.

However, African agrifoods are inherently inefficient. Most are characterized by a wide range of spot markets with varying prices and undefined rules for market participation. These specificities increase modeling complexity while highlighting the implication of context and market structures in market research. Besides, African agrifood markets are poorly structured due to a lack of the basic infrastructure required to enable the modeling of any perfectly competitive scenario (Fackler and Goodwin, 2001; Barrett and Li, 2002). Market structures and agent interaction greatly determine how price signals are generated and transmitted in agricultural markets (Conforti, 2004; Wilcox and Abbott, 2006; Abdulai, 2007; Rapsomanikis and Mugera, 2011).

This research analyzes the structure and performance of cassava markets in Cameroon. Our interest in cassava is motivated by three main reasons. First, cassava is a highly-ranked staple with an extensive value chain spanning multiple derivatives (James et al., 2012; Wambo et al., 2011; Costa and Delgado, 2019). This attribute gives cassava a favorable income and welfare appeal for smallholder and government investments. Second, cassava is a critical crop for stabilizing the regional food system network and food security. Our assertions are further strengthened by the food security challenges experienced during the recent destabilization of the global value chains of wheat and rice (Ababulgu et al., 2022; Gengenbach et al., 2022; Neik et al., 2023). It should be noted that the cassava value chain employs millions of Africans while providing a suitable alternative to alleviate household welfare. Finally, cassava derivatives, such as starch, are highly integrated into global value chains through their association with the food, pharmaceuticals, and textile industries (Costa and Delgado, 2019; Fernando et al., 2022). Therefore, what happens to the cassava value chain has an implication for both regional and international markets. In this light, our research contributes to three-fold aims. First, we supplement the literature on the African agrifood market with information on the structure and drivers of agent participation in cassava markets in Cameroon. This aspect and those of other “food crops” have some worth that is been neglected in agrifood market research. Most authors focus on the study of “cash crops” such as oil palm, cocoa rubber, banana, or cereals such as maize, rice, and wheat. This is partly because of their GDP implication, relatively structured markets, and the ease of data acquisition for these markets especially when compared to “food crops” such as cassava (Dillon and Dambro, 2017; Akem et al., 2019). Second, we utilize market composition analysis which is an essential complement to static and dynamic regression modeling approaches (Harriss, 1979; Baulch, 1997; Fackler and Goodwin, 2001). Finally, our study utilizes a primary dataset from Cameroon which is considered a miniature of Africa because of its cultural diversity, agro-biodiversity, and the reflexivity of its society to many African contexts. These attributes make it a suitable living laboratory on which many aspects of African socioeconomics can be modeled. This implies that our results can aid policy formulation for agricultural markets in Cameroon and other African countries although with some moderation.

Section 2 includes a brief review of agrifood markets. Section 3 highlights the methodology, while Section 4 discusses the results of this study. Section 5 presents some concluding remarks.



2 African agrifood markets: a review of structure and performance

In developing countries, such as Cameroon, the challenges for agrifood market policies are enormous. Markets are either absent or lack formal market regulatory structures. For example, agricultural markets are relatively less mapped out. As such there is little knowledge of the expected behavior of its participants. There is, however, no identifiable perfectly competitive market in Africa. Rather foodstuffs are moved through complex production, processing, and distribution pathways which demand close attention (Akem et al., 2019). In addition, the poor distribution of basic infrastructure, such as roads, railways, and telecommunication, provides an unlevelled playing field among operators in agrifood markets (Teng and Oliveros, 2016). Information is highly asymmetric, and transaction cost is disproportionately distributed (Fackler and Goodwin, 2001; Barrett and Li, 2002). These conditions have contributed to diverse behavioral patterns between operators in agrifood markets (Lelissa and Kuhil, 2018). The outcome of these market behaviors drives changes in market prices in ways that are not captured within price-centered (transmission-based) models (Fackler and Goodwin, 2001).

According to Harriss (1979) and Udry et al. (1996), understanding market structures precedes price analysis and other forms of analysis. In principle, the analysis of market structures leverages agent market behaviors and conducts tests to assess market competition, price structure, and market performance (Chong and Chan, 2014). Therefore, understanding market structures and agent behavior aids in the modeling and interpretation of many dynamic market integration models. However, research has often neglected this aspect (Dillon and Dambro, 2017; Akem et al., 2019). It is important to focus on context and without proper market contextualization, these models present spurious market integration results that have policy implications (Fackler and Goodwin, 2001; Akem et al., 2019). Fackler and Goodwin (2001) argue that correlation and other integration results are very inefficient.

Headey et al. (2009) noted that economies with integrated and efficient markets progress better than those with inefficient and poorly integrated markets. This view motivated the study of market integration through the modeling of price co-movement as a prerequisite for the stabilization of agrifood markets in most countries. This premise has however been criticized. Studies (Akem et al., 2019; Deconinck, 2021) suggest that price-based approaches are misleading in African agrifood markets because prices in agrifood markets are a summation of transaction and transportation costs. These are not fixed prices, especially in developing countries. The above variables are also difficult to fit within static and dynamic integration models. Bonanno et al. (2018) suggest that market integration is a necessary but not sufficient condition for market efficiency. Nonetheless, most studies (Abdulai, 2007; Minot, 2011; Myers and Jayne, 2012; Abidoye and Labuschagne, 2014; Burke and Myers, 2014; Fricke and Muratori, 2017; Nakawuka et al., 2018; Pierre and Kaminski, 2019; Tsowou and Gayi, 2019) in the region are focused on analyzing market integration and efficiency. Many studies in developing countries, such as Africa and Asia, utilize regression (Abdulai, 2000; Tostão and Brorsen, 2005; Myers, 2013; Minten et al., 2014) and correlation (Harriss, 1979; Ravallion, 1986; Goodwin and Schroeder, 1991; Rosenzweig and Binswanger, 1993; Chaudhuri and Ligas, 2009) analyses of pricing to highlight some semblance of market efficiency or market performance. However, the results of these models are influenced by other fundamental factors peculiar to each market (Harriss, 1979; Merton, 1987; Goldenberg et al., 2001). Prices reflect the inherent behavior and conduct of market agents (Harriss, 1979). As such, using price transmission as a measure of market efficiency and performance might be desirable, but it provides little information on the underlying construct of the drivers of market prices. The implication is that many price transmission-based models are ineffective in explaining the realities of many unstructured and dynamic markets.

In Cameroon, studies have used autoregressive lag models and vector error correction models to analyze livestock (Ukum et al., 2018; Akem et al., 2019), banana (Nkendah et al., 2007), cocoa (Kamdem et al., 2010), and oil palm markets (Akem et al., 2019). To the best of our knowledge no study has utilized node-point market margin approaches to study cassava markets. At best, Mvodo and Liang (2012a,b) and Pierre and Kaminski (2019) have attempted to provide some analysis of cassava markets using swot analysis and linear regression models. These methods generally highlight the general nature and challenges of cassava markets but provide little information on the dynamics of power within nodes in the agrifood. Our study fills this gap by providing information on the structure and distribution of market power and the key drivers of market participation among actors in this market. Thus, providing relevant information which is needed for the design of more efficient cassava agrifood policies.



3 Methodology


3.1 Study area

This study utilizes primary data from the Center, Littoral, and West regions of Cameroon. Cameroon is located between latitude 2°N to 13°N and longitude 8°25°E and 16°20°E in the Central African subregion. It opens to the Atlantic Ocean in the west with a total coastline of 402 km. It is bounded to the west by Nigeria, northeast by Chad, south by Gabon, DR Congo, and Equatorial Guinea, and to the east by Central African Republic. It has a total surface area of 475,650 km which is distributed into five agroecological zones in ten geographical regions (MINFOF, 2018). The most notable zones are the Sudano-Sahelian, High Guinea Savannah, Western Highland, Monomodal Humid Rainforest, and the Bimodal Rainforest (Figure 1). This agroecological diversity permits the growth of most crops that characterize other African nations hence the name-tag “Africa in miniature” (MINEPDED, 2017). By this natural virtue over other African nations, Cameroon has become the breadbasket of Central Africa and supplies to Gabon, Central African Republic, Equatorial Guinea, and Tchad, as well as neighboring Nigeria to the West.


[image: Map of western Cameroon illustrating the distribution of the Bamenda Rainforest zone in red and the Monomodal Rainforest Zone in green. It shows regions, major cities, national roads, and market locations. Borders and geographic coordinates are marked, with a legend explaining the color codes and symbols.]
FIGURE 1
 A map of Cameroon showing the selected study area and location of markets. Source: Constructed from Atlas-foret dataset Cameroon, 2023.


Our study covers the West, Northwest (Western highlands); the Littoral and Southwest (Monomodal Humid Rainforest); the Center, East, and South (Bimodal Humid Rainforest) regions of Cameroon (MINRESI, 2007; MINADER, 2012). These three agroecology zones were chosen because they have a characteristic tropical climate of two seasons (a rainy season and a dry season), which permits the cultivation of cassava (Molua and Lambi, 2006). Apart from the favorable climate for cassava production, these areas also harbor the largest markets for retail and wholesale of cassava produce (Yaoundé, Douala, and Bafoussam) and its derivatives. Furthermore, the “main” markets of these areas are interconnected by accessible roads. Thus, making it ideal for our analysis.



3.2 Sampling techniques and source of data

A three-stage sampling procedure was used. Center, Littoral, and West regions were purposively selected in the first stage based on the intensity or volume of cassava marketed per year. Using data from MINADER (2012) on cassava trade volume per region, in the second stage, we selected 15 markets as follows: Mvog-Ada, Mfoundi, Etoudi, Nkolafamba, Bafia, Bokito, Mvog-Mbi, Sandago, Nkololoun, Bonamoussadi, Mbanga, Bafoussam, Baham, Bagangte, and Bandjoun. In the third stage, we utilized information from the cassava vendor association of each region to establish a proportional sampling frame based on the relative distributions of retailers and wholesalers of cassava within our choice markets. In the end, a total of 400 vendors were studied. After cleaning, however, only 326 were identified to be complete and suitable for analysis.

A structured pretested questionnaire was the main survey instrument for the data collection. The questionnaires were administered by well-trained enumerators who were conversant with the local market “terminologies.” To ensure consistency of information, the enumerators conducted face-to-face interviews where the market agent was recorded directly. This information was further supplemented by key informant interviews with stakeholders in the various regions. This aspect involves holding open-ended interviews with randomly selected key stakeholders in the cassava vendor association, cooperatives, and the Ministry of Agriculture. These interviews were later transcribed word verbatim in French or English depending on the preferred language of the interviewee. Table 1 summarizes the proportion of wholesalers and retailers sampled per region.


TABLE 1 The number of marketers interviewed per region.

[image: Table showing the distribution of various household characteristics across regions: Centre, Littoral, and West, with totals. It includes age of household head, household size, gender distribution, marital status, and education level. The mean age ranges from 36 to 53, household sizes from 10 to 11, and gender and marital status percentages vary. Educational levels are detailed, showing differences in primary to superior education. Data source: Author’s conceptualization, 2022.]



3.3 Theoretical framework

Our framework is inspired by the Bain-Labini-Modigliani limit-output theory. Their theory asserts that for a given market where products are undifferentiated and there is a sequential entry of new competing firms, established firms turn to set market prices (“limit-prices”) below the market equilibrium when entry is imminent. This limit price serves as a deterrent against future entrants while assuring long run profit maximization for established firms. We postulate a static model where firms adopt a limit price to maximize expected profits over an infinite horizon prior to the time when entry is uncertain.

The approach involves a multistage game between the entrant firms and the established firms (Baron, 1973; Eaton and Ware, 1987) but its success depends on a set of assumptions:

	• All firms aim to maximize their long run profit despite operating in a market of undifferentiated products with inverse production function [image: Equation showing \( y = f(\vec{X}) \), where \( y \) is a function of vector \( \vec{X} \).] where [image: Mathematical notation displaying a vector symbol above the letter X.]is an aggregated output.
	• Second, the function [image: Mathematical expression showing "f" with an argument of "X" with an overbar.] is twice differentiable and [image: Mathematical expression showing f of X bar is greater than zero.] and [image: The mathematical expression shows the derivative of \( f \) with respect to the average \( X \), denoted as \( f'(\overline{X}) \), is less than zero.].
	• Furthermore, [image: Mathematical expression showing \( f'(\tilde{X}) + \tilde{x}_i f''(\tilde{X}) < 0 \).] for all [image: Mathematical expression showing \( \tilde{x}_i \leq \tilde{(X)} \).], where [image: Mathematical expression displaying a variable x with a tilde and a subscript i.] is the output of firm i. In this way, the marginal revenue and profits of any firm are decreasing in any other firm's output.
	• In addition, for any firm i the cost function is [image: The image displays a mathematical equation: \( C'(\tilde{x}_i, k_i) = F(k_i) + V(\tilde{x}_i), \ \tilde{x}_i \leq k_i \).]Where F(ki) is the cost of capacity ki. This capacity is sunk cost once incurred but there exists a possibility of producing output at constant variable cost V per unit, up to capacity ki.
	• Equally, F(0) = 0; F(ki) > 0, for ki > 0;F(ki) > F(k0), for ki > k0; and [image: Mathematical expression showing \( F \frac{k_i}{k_s} < \frac{F(k_0)}{k_0} \).], for ki > k0 such that capacity costs are increasing in ki but average capacity costs are decreasing in ki.
	• Finally, given that excess capacity is not a barrier in this model, it implies that any firm i determines its necessary and sufficient entry conditions (for profit maximization) based on a predetermined capacity and inherent market prices of the first (i − 1) firm.

In this light, if we consider Kn firms in the end of the (n − 1) period, an established firm chose a period n with pn(Kn) limit price conditional on the number of established firms. For any n period, kn entrant firms may decide to enter a market by playing a form of Cournot subgame. Entrant firms use their knowledge of the limit price and the number of established firms to decide whether to play the game. On the contrary, under the same game, the established firm attempts to preserve its long-term profitability by altering its price for the next period and hence chooses a price pn+1(Kn+1) for the period (n+1) where Kn+1 = Kn+ kn. Thus, the profitability of established firms in period n depends on the number of entrant firms in this period. Specifically, if no firm enters the market, then (kn = 0), Kn+1 = Kn and profit is maintained as denoted by πn(pn(Kn), Kn). On the other hand, if firm(s) enter (kn > 0) at period n, then the profit of established firms decreases such that the postentry profit is given by πn(Kn+1) < πn(pn(Kn), Kn) for any Kn+1 > Kn, where πn(Kn+1) is assumed constant and independent of any pre-entry prices. The postentry profit reflects the short run reaction of the established firms to entry, while their complete reaction is to choose a price pn+1(Kn+1) in the next period of the game such that new entrants may be discouraged or forced out of the market. This is especially true since the assumed sunk cost of entry has a bearing on the computation of their profit function. The model establishes the path that links firm profitability to market concentration in Cournot markets.



3.4 Measurement of market structure, conduct, and performance

In this study, we utilize the Gini coefficient (GC), Market efficiency (ME), and Lorenz curve to estimate the structure of cassava markets from their market concentration. In concept, market concentration captures the dynamics of market players. Specifically, it depicts the extent to which market shares are distributed among firms in each market. Unfortunately, the picture is sometimes considered imperfect since it omits other factors such as entry barriers, product differentiation, and innovation (Baagyere et al., 2023). From this premise, it is recommended that most market concentration analyses be associated with other complimentary analyses, which will clarify the market snapshot.

In our context, we employ GC, ME, and Lorenz curves, as well as a multinomial logistic model, to analyze the cassava market structure. The multinomial model is used to evaluate inherent market factors which are omitted in most market concentration models while GC and Lorenz curves are used to examine the market concentration. According to the Food and Agricultural Organization (FAO, 2006), using the GC and Lorenz curve enables an evaluation of the level of inequality or equality in the sales volume (sales capacity) and realized income among the sellers within a market. This approach has also been used by Thu et al. (2020) to analyze the tuna value chain.

As in Thu et al. (2020), the basic estimation model for GC is given as follows

[image: Equation showing a formula for GC: GC equals 1 minus the sum from i equals 1 to n of x sub i of y sub i. The constraint is 0 less than or equal to GC less than or equal to 1.]

Where i(1, 2, 3, …..n) represents the number of firms (cassava sellers) while xi denotes the percentage of cassava sellers in the market, and yi represents the cumulative proportion of cassava sales for i sellers in the market. As mentioned above, GC represents the Gini coefficient. Bukar et al. (2015) and Bannor et al. (2018) assert that GC values approaching 0 indicate perfect equality and perfect competition (no difference in market shares) between market participants while median values indicate oligopolistic or structures of monopolistic competition. On the other hand, values approaching 1 indicate perfect inequality and monopolistic market structures. To better appreciate the outcome, the generated non-aggregated GCs are represented on a Lorenz curve. A Lorenz curve closer to the line of equality indicates equality among the market participants and a Lorenz curve further from the line of perfect equality indicates inequality among the market participants.

Given that our aim is to depict a clear snapshot of the cassava market, we augmented GC with marginal efficiency analysis. ME, generally, permits the measurement of intermediary value addition which is omitted in other concentration models (Haruna et al., 2012; Jeyanthi, 2018). In essence, following Jeyanthi (2018), the basic Shephard model for market efficiency is given as follows:

[image: Formula for marketing efficiency (ME) is shown as ME equals one hundred minus the ratio of marketing cost to marketing margin, multiplied by one hundred. The range is zero to one hundred.]

Assuming marketing cost is represented by total cost as

[image: Mathematical equation showing cost calculation: \( C(\tilde{x}_i, k_i) = F(k_i) + V(\tilde{x}_i), \tilde{x}_i = k_i \).]

Marketing margin is represented by total revenues from sales (total value product);

[image: Mathematical equation: \( R = p_i(k_i) \ldots \) labeled as equation four.]

Then the model could be rewritten as follows:

[image: Mathematical equation: ME equals one hundred minus the fraction k sub i times the sum of F and V over p sub i of k sub i, all multiplied by one hundred. The equation is constrained by zero less than or equal to ME less than or equal to one hundred.]

Where F represents the entry cost which is mostly sunk and V represents the variable cost of the firm (cassava seller). ki and pi represent the capacity (the quantity of cassava volume) and price per unit for every i, for every cassava seller in the market. Like GC, when values of ME approach 0 it indicates perfect competition among market participants. Whereas, when ME approaches 100 it indicates a situation of perfect monopoly. Median values equally indicate varying degrees of oligopolistic competition.

Finally, to estimate a multinomial logistic model to estimate the barriers to market entry and exit, we estimate a multinomial logistic model which is given as follows:

[image: Equation showing the logarithm of the probability ratio of Y equaling j given X over Y equaling K given X, equals beta zero j plus beta j times X i plus mu, marked as equation six.]

Where the In(.) parameter evaluates the log likelihood of selecting a desired market (either farmgate, local village market, or central market) and K is the reference group. In our case, let us assume K as a farmgate market. In that case, j = 1 if the individual participates in a central or village market over a farmgate market, and j = 0 if otherwise. The result is evaluated against xi, which represents ith predictor variable. βi also represents the coefficient estimates of the ith predictor. This approach is highly desirable where dependent variables have multiple categories (Midi et al., 2011). Moreover, the computed maximum likelihood permits the computation of various scenarios despite the size of available data, and to some extent, it is based on a strong normality assumption which makes its results more robust as compared to other multiclass models.




4 Results and discussion


4.1 Socio-demographic characteristics of cassava traders

Table 2 summarizes the relative distribution of individual characteristics of the sampled vendors. From the table, cassava markets are dominated by young people and slightly elder people with an average age ranging from 36 years in the Center to 53 years in the Littoral region. Most marketers are in their economically active growth period. Penningroth and Scott (2019) attest that young people and economically active people are usually self-motivated and innovative thus explaining their drive to embrace new opportunities in the cassava agrifood market. The distribution indicates high household sizes with an average of nine persons per household in the pooled study area. This value is higher for the Littoral and Center regions, which might explain their relatively higher engagement in cassava marketing. The Littoral and Center regions host the economic and political capitals of the nation and have larger household sizes which might imply increased pressure on household food security (Table 2). These factors drive marketers to grab new market opportunities to improve household welfare (Agbugba and Obi, 2013; Olagunju et al., 2020). Furthermore, larger households provide available labor necessary for the efficient coordination of marketing operations.


TABLE 2 General information and socio-demographic characteristics of respondents.

[image: Table comparing frequencies and percentages of wholesalers and retailers across three regions: Center, Littoral, and West. For wholesalers, Center has 58 (42%), Littoral 55 (40%), and West 24 (18%). For retailers, Center has 43 (23%), Littoral 56 (30%), and West 90 (47%). Data sourced from a 2022 survey.]

Women were more involved in cassava marketing than men. On average, 53% of the surveyed marketers were women, while 29% were men, and 19% is missing data. This could be due to the relative skewed distribution of economic opportunities between women and men. With men having more opportunities, they are free to choose other segments and industries to be employed. This is not the case for women as such they are more likely to hop on any “neglected” market “leftovers.” Baagyere et al. (2023) highlight similar results with women in the chicken egg market in Northern Ghana.

On average, 30% of cassava marketers were married, while 26% were widowed, 19% were single, 6% were divorced, and 18% corresponds to missing data. Specifically, in the West region, the marital status showed that 67% of the marketers were married. In the Littoral region, the results showed that 45% of the marketers were married. In the Center region, the results showed that 40% of the marketers were married. According to Anjikwi et al. (2020), marriage brings stability to the activity and could lead to higher productivity. In some cases, married women benefit from their partners' networks and resources to enhance their activities. In addition, engaging in cassava marketing for a married woman might serve as a suitable household income and welfare diversification strategy (Anjikwi et al., 2020).

Cassava marketers are averagely educated. Over 98% have at least gone through the primary education which may imply most marketers can read and write. A level of education is critical for cassava marketers as it might enable them to track market trends of cassava prices, and this increases their ability to develop market strategies. Ammanuel (2020) highlights that the education of sorghum marketers in Benue State played a crucial role in their market participation. In addition, Nkamigbo (2019) observed that educated people are more enlightened, well conversant with efficient marketing of their marketable surplus and hence can reduce marketable loss.



4.2 Market power, structure and performance of cassava traders

The market power and structure of cassava markets are described based on the volume of sales from the market. The results in Tables 3, 4 show the volume of sales from the marketing of cassava. For the pooled retailers, the findings indicate that the cassava market is highly concentrated at the retail level, reflecting an uncompetitive condition. This may be the result of collusive practices in buying and selling and differences in the degree of risk involved in sourcing suppliers by different type of marketers. Although there was a relatively high income inequality in both markets, we observed that the level of concentration in retailing (0.79) was higher than in wholesaling (0.76). This finding is in line with those of previous studies (Haruna et al., 2012; Ahmed et al., 2018) which highlighted that the Gini coefficient >0.5 indicates an unequal distribution of sales among market participants.


TABLE 3 Pooled sample for retailers.

[image: Table showing sales data categories with columns: Category of sales, Frequency, Proportion of sellers (X), Cumulative proportion of sellers, Amount, Proportion sales (Y), Cumulative proportion sales daily, and X.Y. The rows provide data ranging from sales categories 450–650 to 1,455–1,655. The totals are 189 frequency, 1 for proportions, and 155,638 for the amount. The source is from survey data, 2022, with calculated G and HHI values.]


TABLE 4 Pooled sample for wholesalers.

[image: Table showing sales data categorized by sales amounts. Categories range from 2,750 to 8,755, with frequencies, proportions, and cumulative proportions of sellers and sold items. Total values include 137 sellers and an amount of 760,680. Calculated indices are G equals 0.76, and HHI equals 0.28.]

Specifically, the result indicated that marketers in the Center region within the sales range of 650–851 constituted 96% of the total respondents and earned 25,646 FCFA (USD42.7),1 and the Gini coefficient was 0.12. Marketers in the Littoral region within the sales range of 1254–1454 (which constitutes 37% of the total respondents) earned 17,000 FCFA (USD28.3), and the Gini coefficient was 0.48. Marketers in the West region within the sales range of 450–650 (which constitutes 65% of the total respondents) earned 46,705 FCFA (USD77.8). For the pooled sample analysis of retailers, the Gini coefficient was 0.93. This implies that the cassava retail market is perfectly competitive. That is, there are relatively many retailers in the market such that none of them had control over the largest portion of total sales.

The resulting Lorenz curve of Figure 2 depicts a similar equality scenario for retailers. The x-axis (highlighted as p) represents the percentage of market participants while the y-axis [indicated by L(p)] highlights the market share fraction occupied by these participants. The graph however shows that the level of inequality is higher for the bottom 30% of the market participants as compared to the top 70%. The kink effectively highlights this divide where we observe that the bottom 30% have access to < 10% of the market, whereas the remaining 90% of the market share is split almost equally between the top 70%. This result supports the notion of an unequal market as presented in Table 3. Precisely, it highlights a new caveat of inequality in the bottom 30% of the retail markets, which was shadowed in the marginal analysis. The kink might also suggest a market trap (barrier) that prevents agents from taking advantage of the opportunities within the agrifood market.


[image: Lorenz curve graph illustrating income distribution. The horizontal axis represents the cumulative percentage of population, and the vertical axis represents the cumulative percentage of income. The curve deviates from the diagonal line of equality, indicating income inequality.]
FIGURE 2
 Lorenz curve for retailers. Source: Author's conceptualization from survey data, 2022.


The results of a pooled sample of wholesalers indicate similar trends as those in the retail market but the market is segregated, and the income gap is wider between groups.

Specifically, the result indicated that marketers in the Center region within the sales range of 7,755–8,755 (which constituted 74% of the total respondents) earned 339,225 FCFA (USD565.4), and the Gini coefficient was 0.61. While marketers in the Littoral region within the sales range of 2,751–4,751 (which constituted 62% of the total respondents) earned 137,530 FCFA (USD229.2), and the Gini coefficient was 0.55. Marketers in the West region within the sales range of 2,750–3,750 (which constituted 58% of the total respondents) earned 46,705 FCFA (USD77.8), and the Gini coefficient was 0.35. This implies that the cassava wholesale market was perfectly competitive. This is reflected the existence of many small-scale producers and suppliers of the produce with the result that none of them could influence supplies by either increasing or decreasing the quantity supplied to influence price. The result of the analysis is similar to the findings of Mafimisebi et al. (2006) in the analysis of palm oil marketing in Osun state which shows a Gini coefficient of 0.47 indicating a low level of inequality in sellers' income levels.

The segregation within wholesaler markets is well depicted in the Lorenz curve of Figure 3. The curve highlights three kinks (inflection points), notably 20%, 40%, and approximately 80%, each associated with a market share. In this case, the bottom 20% corresponds to approximately 4% of the market share while the bottom 40% occupies <20% of the market share. The remaining 60% of the market is unequally split by the top 60%. From the 80% inflection point, the top 20% controls over 50% of the market share. These results indicate a higher within market inequality among wholesalers which is far higher than what is observed with retailers despite the pooled Gini coefficient results of Tables 3, 4.


[image: Lorenz curve graph depicting cumulative income distribution. The x-axis represents the cumulative share of people, while the y-axis represents the cumulative share of income. A concave line illustrates inequality above a diagonal line indicating perfect equality.]
FIGURE 3
 Lorenz curve for wholesalers. Source: Author's conceptualization from survey data, 2022.




4.3 Market efficiency and performance

The pooled findings show that the marketing efficiency (ME) of retailers ranges between 1.42 and 6.31 with an average and standard deviation of 3.21 and 0.99, respectively. Specifically, in the Center region, findings show that ME ranges between 2.88 and 6.31 with an average and standard deviation of 4.42 and 0.73, respectively. In the Littoral region, findings show that ME ranges between 1.94 and 3.6 with an average and standard deviation of 2.76 and 0.43, respectively. In the West region, we find that ME ranges between 1.42 and 5 with the average and standard deviation of 2.90 and 0.89, respectively. The values indicate that retailers are efficient despite the challenges and unequal distribution of market shares among participants. Our findings corroborate the results obtained by Haruna et al. (2012) and Adegbite and Adejobi (2018) who analyzed tomato traders in Pwalugu in Ghana. Table 5 summarizes the results of the ME of retailers.


TABLE 5 Marketing efficiency (ME) of retailer.

[image: ANOVA table displaying statistical analysis results. Between groups: Sum of squares 82.000, degrees of freedom 2, mean square 41.000, F 74.000, significance 0.000. Within groups: Sum of squares 103.000, degrees of freedom 185, mean square 0.000. Total: Sum of squares 186.048, degrees of freedom 187. Source is author's conceptualization from survey data, 2022.]

The pooled findings show that the ME of wholesalers ranges between 0.87 and 8.22 with the average and standard deviation of 2.88 and 1.72, respectively. Specifically, in the Center region, our findings show that ME ranges between 3.16 and 8.22 with an average and standard deviation of 4.64 and 1.15, respectively. In the Littoral region, we observe that ME ranges between 0.87 and 1.91 with an average and standard deviation of 1.34 and 0.22, respectively, and in the West region, our findings indicate that ME ranges between 1.48 and 3.62 with the average and standard deviation of 2.2 and 0.62, respectively. Wholesalers are thus efficient despite existing market inequality. This finding is in line with Ojo et al. (2016) who reported marketing efficiency of tomato marketing as low as 24.87% and 10.07% in Abuja Municipal. Table 6 summarizes the results of the ME of wholesalers. Table 6 highlights a significant mean square difference for both retail and wholesale cassava markets. The mean square difference is significant for both the retailers and the wholesalers. This highlights the implicit difference in market structures of the studied regions.


TABLE 6 Marketing efficiency (ME) of wholesaler.

[image: ANOVA table with columns: "Sum of squares," "df," "Mean square," "F," and "Sig." Between groups: 320, df 2, mean 160, F 246, Sig. 0.000. Within groups: 87, df 135, mean 0. Total: 408, df 137. Source: Author’s conceptualization from survey data, 2022.]



4.4 Drivers of market participation among market participants

Table 7 highlights the correlates that drive the participation of market agents to engage in either farmgate, town, or central market within the sampled regions. These results should be taken cautiously as correlates only and nothing more. Specifically, our analysis excludes control for endogeneity between market drivers on market participation between agents. From the result, agents' participation in either town or central markets is significantly correlated with the regional location of the market. Precisely, being in the Littoral region increases the odds of agent participation in either the town or central market over any farmgate market. Additionally, being in the West region equally increases the chances of agent participation in a central market but decreases the odds of their participation in a village market over any farmgate markets. Possibly this could be attributed to two factors. First, these regions are the most economically active. Second, they are the most accessible in terms of road and transport infrastructure (MINADER, 2012). However, the West region is also a dynamic production basin where farmers most often turn to have contracts and agreements with other participants thus making it less profitable to participate in the local village market over selling at farmgate markets (MINRESI, 2007; MINADER, 2012).


TABLE 7 Drivers of market participation among cassava market agents.

[image: Table showing regression results for market types (village and central) with variables like regional location, marketer type, marital status, education level, origin, income sources, and cassava stock type. Data includes coefficients, standard errors, and significance levels. Source: Author's conceptualization from survey data, 2022.]

Marketer type is also a significant driver of market choice. It turns out that being a wholesaler decreases the odds of participating in local village markets over participating in farmgates. This might be so because the marketing margins in selling in these markets might be meager especially when compared to the possible benefits of selling in central markets. Indeed, most local village markets are not spatially distant from so-called farmgate markets in most regions of Cameroon. The margin in this case is therefore not large enough to warrant farmers' interest. Being a retailer on the other hand reduces the odds of participating in central markets. This could be linked to the highly competitive nature of central markets. In some cases, such competitions necessitate participants to invest massive amounts of financial resources which might not be suitable for retailers. Notably, Pierre and Kaminski (2019) highlights that central markets are usually located at the heart of active cities in Cameroon thus contributing to higher purchasing power within these markets. As noted by Baagyere et al. (2023), being a female increases the odds of selling in central markets. An explanation might be the relatively higher agreeableness of females which aids them to understand and manage the wide range of costumer pool that might buy cassava or its derivatives.

Marital status is equally a significant driver of market participation choice among agents. It is unusual that being married does not account for any changes in the choice of participation. Contrary to Anjikwi et al. (2020)'s study, being single, divorced, or widowed contributes to market participation. Though unexpected, it is plausible that this is partly because of the labor requirement and the associated logistic challenges to the activity. Being “unmarried” increases the odds of participating in the local village and central markets over farmgates. It is exceptional that being single reduces the odds of participating in central markets. This is possibly because singles are relatively less burdened and as such have the possibility of participating in other ventures in central markets and cities.

Furthermore, we find that education plays a significant role in driving agent participation. Indeed, education increases actors' understanding of risk and margin evaluation, which contributes to better decision making in various situations Ammanuel (2020). In addition, being an indigen from either regions significantly affects the odds of choosing a town or central market over any farmgate market. This corroborates with Abdulai's (2000, 2007) study, which highlighted that tribal cooperation plays a key role in improving the market competitiveness of market actors. The income source of households and access to finance, markets, and group membership were equally found to play a critical role in improving the odds of participation among agents.

Notably, being a “part-time” trader (privately employed or a civil servant) turned out to drive the odds of participation in town or central markets over farmgates. Being privately employed, however, decreases the odds of participating in any local village market but increases the odds of participating in the central market. This is considerably logical especially given that most private institutions and central markets are located in cities. Intuitively, it is fair to assume that these agents juggle between their jobs and a secondary income source. As such they may not have the luxury of participating in farmgate markets. Interestingly, the type of cassava product or derivative in stock plays a role in the choice of market between agents. The odds of cassava chips, cassava flour, garri, and cassava leaf traders are highly correlated with the choice of market. Trading either cassava chips or garri reduces the odds of agent participation in any village market over farmgates. Similarly trading cassava leaves as vegetable decreases the odds of agent participation in any central market. This is because of the relative fragility and sensitivity of cassava leaves to abrasion and spoilage. Finally, we observe that the purchase price of cassava decreases the odds of participation of traders in either town or central markets. Increased purchase cost cuts down marketing margins thus making it less profitable to sell in distant markets rather than other farm markets. This equally corroborates the ideas of the limit price theory highlighted in Section 3.3 above.



4.5 Constraints and implications for food security

The most challenging factors that affect cassava marketing include transport difficulties and a lack of finance or credit. Table 8 shows that 97% of vendors agree that transport cost is a major challenge, whereas 66% of vendors agree that credit accessibility usually affects their activities. This is true for both wholesale and retail markets. More specifically, vendors in the Center region indicated transportation difficulties (34%), high transportation costs (28%), too many buyers (15%), and a lack of finance or credit (13%). In the Littoral region, respondents cited the same difficulties with varying percentages as transportation difficulties (30%), high transportation costs (28%), too many buyers (16%), and a lack of finance or credit (25%) as main constraints. On the other hand, in the West region, respondents claim transportation difficulties (33%), high transportation costs (25%), too many buyers (11%), a lack of finance or credit (28%), and the risk of commodity deterioration (perishability) (12%) as main challenges. Intuitively, the high transport cost is probably due to bad roads which increased transport fares coupled with the fact that the market participants mostly self-finance their business activities through their personal savings, and as such these marketers suffer serious financial constraints which affect their trade volumes. By extension this implies that improving both variables could possibly increase net income for wholesalers and retailers.


TABLE 8 The major constraints related to cassava marketing.

[image: Table showing survey data on transportation and financial issues by region. Categories include transportation difficulties, high transportation costs, lack of finance or credit, risk of quality deterioration, and frequent price change. Percentages are provided for Center, Littoral, and West regions, with totals. Source: Author’s conceptualization from survey data, 2022.]

There are some policy implications from these findings. First, this study depicts the structure of retail and wholesale markets for cassava which makes it relevant to both researchers and policy makers. To researchers, we provide a preliminary basis for which other price-based models can be conceived for sophisticated market analysis. Second, this study exposes the nature of inequality within various markets. Specifically, we highlight the within group inequality in cassava wholesaler and retailer markets. This caveat may permit policy institutions to target the most appropriate segment for various interventions. Finally, we highlight the main constraint to market participation and the drivers for agent market participation. This can help governments design appropriate motivations for driving market efficiency within the cassava agrifood system. These policies may ultimately improve the cassava agrifood system thereby improving the livelihood of millions of agents (including farmers) who participate at various nodes of the agrifood value chain.




5 Conclusion

The study uses parametric and non-parametric techniques to ascertain market power, structure and performance of cassava markets in Cameroon. We equally employ a multinomial logistic model to access the drivers of market participation. The results indicate that the market is dominated by economically active people with 63% of the vendors being women, in the active age group of 20–65 years. The educational level of the vendors showed that 32% attended secondary school and 49% were married. Our findings equally highlight a highly concentrated wholesale and retail market with corresponding Gini coefficients of 0.76 and 0.79. This indicates that cassava markets in the Center, Littoral, and West regions are oligopoly in structure. Among other things, our results highlight that, the region, marketers' type (wholesaler or retailer), and socio-economic factors such as access to education, region of origin, marital status, access to credit source of income, group membership, and the type of cassava stock account significantly for the variation of odds to participate in either farmgate, village market, or central markets. Our results also reveal that prices are set up in the markets according to the place of sale and the type of marketers. However, these prices are influenced by factors such as transport, the quantity sold on the market, and the need for liquidity. In addition, cassava retailers are less efficient as compared to wholesalers with associated average marketing efficiency of 14.20% and 87% for retailers and wholesalers, respectively. Therefore, efforts at the market centers should be tailored toward reorganizing retailers into cooperatives and associated institutions. This might be an appropriate measure that will enable retailers to reap the benefits lodged within the cassava markets. This would also help them benefit from credit facilities from agricultural and commercial banks and micro credit financial institutions. Although to a limited extent, our results could benefit government agricultural market policies.
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Agricultural scientific and technological innovation and rural industry integration are the key contents of promoting agricultural and rural modernization in China. This study empirically analyzed the matching relationship between the two and its influencing factors, and found that the matching degree between agricultural scientific and technological innovation and rural industry integration in China showed a steady upward trend in the sample period. Both China as a whole and all regions completed the upgrading from moderate to high matching in the sample period, The performance of each region is also excellent. In 2020, the matching degree of 28 regions will enter a high matching range. The implementation of the rural revitalization policy will help to improve the matching degree between China’s agricultural scientific and technological innovation and rural industrial integration. The scale of rural financial development and the matching degree of lagging one period also have a significant positive impact on the improvement of the matching degree. This study further proposes relevant policy recommendations from improving the supply level of agricultural scientific and technology innovation, enhancing the adaptability between supply and demand of agricultural scientific and technology innovation, improving the policy support system, and optimizing the financial security system.
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1 Introduction

Sustainable agricultural development is based on protecting the environment and ensuring resources, while meeting the needs of current and future generations. To achieve sustainable agricultural development, China has taken various measures, including promoting ecological agriculture, strengthening scientific and technological support, and protecting biodiversity. By strengthening technological support, China can improve agricultural production efficiency and resource utilization efficiency, and achieve sustainable development of agriculture. Agricultural science and technology innovation and rural industry integration are the key contents of China’s agricultural and rural modernization. In various documents issued by China in the field of “agriculture, rural areas and farmers,” the two usually accompany each other and are important means to achieve rural revitalization.

In China’s rural revitalization strategy, rural industry development is at the core, and industrial integration is the key to rural industry development. The rural industrial integration is a dynamic process to realize the cross integration of primary, secondary and tertiary industries based on agriculture, which is an important link in building a modern agricultural industrial system. While the rural industry is restructured through the two paths of vertical extension of the industrial chain and horizontal expansion of agricultural multi-function, it also drives the rationalization and upgrading of the rural industrial structure and the emergence of new business forms, new models and new attributes, improves the industrial competitiveness and leads the transformation and upgrading of rural industries.

High quality economic growth is driven by the improvement of scientific and technological innovation (Romer, 1990). As long as the latest technology is adopted, any traditional industry can become a modern industry (Hong, 2015). The development of China’s rural industries involves a wide range of areas, with many links, complex technologies and various types, and needs to be interconnected (Li et al., 2016), making support from agricultural science and technology particularly important. Building a good interaction mechanism between agricultural scientific and technological innovation and rural industry can effectively solve the “two skin” problem between scientific and technological innovation and industrial development, and promote the deep integration of the two; Through scientific and technological innovation, solve the scientific and technological difficulties that constrain industrial development, cultivate new growth points in the industry, form new driving forces, improve the level and level of rural industries, and drive rural industries to achieve high-quality development.

Humphrey and Hubert (2002), Kongsamut et al. (2001), Lahorgue and Cunha (2004), Ngai and Pissarides (2007), Acemoglu and Guerrieri (2008) and Russu (2015) and other studies have confirmed that support from scientific and technological innovation or technological innovation can help and improve industrial development, and these results provide a strong reference for this paper in terms of research context. Further, at the level of industrial integration, the research on industrial integration caused by inter industry technology correlation (Sahal, 1985). Kodama (2014) and Kim et al. (2015) also emphasized the importance of technological integration and innovation for industrial integration; The research of Hacklin et al. (2013) not only focuses on technology integration, but also on the role of knowledge integration in industrial integration. Heo and Lee (2019) pointed out that technology convergence will affect industrial convergence through market convergence path.

Among the existing achievements focusing on the integration of rural industries in China, many studies have confirmed the positive role of agricultural scientific and technological innovation in the development of rural industries with theoretical analysis. For example, Liang (2016) believes that scientific and technological innovation is an important foundation and key driving force for the integration of rural industries. Zhao et al. (2017) regarded technological innovation as an indispensable engine to drive the occurrence and development of rural industrial integration. Zhang (2015) believed that the emergence and popularization of a large number of new technologies not only changed the technical route of the original agricultural production, but also enriched the content and form of agricultural industry management, changed the original consumption characteristics of agricultural products, and gave birth to a large number of new formats and business models of multi industry integration. Driven by scientific and technological innovation, new concepts, new technologies, new formats, new models, etc. have infiltrated and integrated into all aspects of agriculture, making the boundaries of various agricultural industries gradually blurred (Shi and Duan, 2019), promoting the upgrading and sustainable development of agricultural industrial clusters, and promoting the innovation of industries, formats and products (Wei and Wei, 2021).

However, a few studies found that the relationship between agricultural scientific and technological innovation and rural industry in China needs to be improved through empirical analysis. For example, Yao and Zhang (2021) pointed out that there are problems on both sides of supply and demand, such as insufficient innovation capacity, disconnection from market demand, and insufficient backward force effect. There is no mutually reinforcing endogenous relationship between agricultural scientific and technological innovation and rural industry. Song (2013) believed that with the continuous improvement of the level of scientific and technological innovation, the deviation between the agricultural industrial structure and scientific and technological innovation has increased due to the weakness of agricultural scientific and technological innovation, the small number of achievements transformation and industrialization, and the weakening of demand.

Although the existing research has provided experience for the development of this paper in the general direction, when it comes to the integration of agricultural scientific and technological innovation and rural industries, the simple theoretical analysis can no longer meet the needs of China’s reality, and there are few studies that judge by quantitative analysis. Therefore, the marginal contribution of this study lies in that: firstly, based on theoretical analysis, an empirical analysis was conducted on the matching degree between China’s agricultural science and technology innovation and rural industry integration, providing a judgment basis for the matching level between the two. Secondly, this article takes the rural revitalization policy as the core independent variable and empirically analyzes the influencing factors of matching degree, providing reference for how to further improve the matching level.



2 Theoretical analysis framework

This study analyzes the logical relationship between agricultural scientific and technological innovation and rural industrial integration in the framework of two dimensions: the scientific and technological supply of agricultural scientific and technological innovation to rural industrial integration and the reverse impact of rural industrial integration on agricultural scientific and technological innovation. In the supply dimension, the rise from technological innovation to scientific and technological innovation reflects the change of innovation sources. Scientific and technological innovation is a generalization of technological innovation with scientific discovery as the source, reflecting the close connection and integration of knowledge innovation (scientific discovery) and technological innovation (Hong, 2015). Therefore, this study further subdivides the supply dimension into two directions: knowledge innovation and technology innovation.

From the dimension of agricultural science and technology innovation to the science and technology supply of rural industry integration. First of all, knowledge innovation is an innovation with universities as the main body and a breakthrough in scientific thinking (Hong, 2013). Agricultural knowledge innovation has paved the way for important basic research on rural industrial integration. Although these basic research has strong principles, rationality and regularity, and cannot directly affect rural industrial integration, knowledge innovation is the source of innovation, which provides necessary knowledge for other innovation activities, and is the basis and source of scientific and technological innovation (Liu, 2016). Therefore, it is still the starting point for agricultural science and technology innovation to drive rural industry integration, and with the spread, diffusion, deformation and upgrading of agricultural knowledge innovation, this impact will gradually deepen. Secondly, agricultural technological innovation has brought a direct effect on the realization of rural industrial integration. Technological innovation has broken the technical barriers between different sub industries within the agricultural industry and between agriculture and the secondary and tertiary industries (Zhao et al., 2017), promoted the cross-border intensive allocation of technology, capital and resource elements, and organically integrated agricultural production, agricultural product processing and sales, catering, leisure and other service industries, Closely connect the primary, secondary and tertiary industries in rural areas, so as to realize the extension of agricultural industrial chain, the expansion of industrial scope and the increase of farmers’ income (Ma, 2015). The impact of agricultural technology innovation on rural industrial integration is distributed in industries, industries, enterprises, elements and other aspects, with the industrial technology structure as the main impact path; The diffusion of technological innovation among different industries brings about technological integration. Technological integration enables different industries to form a common technological foundation, which enables different industries or different industries within the same industry to cross and bond with each other, thus catalyzing the blurring of boundaries between different industries, and further driving them toward integration, forming new industrial attributes or new industrial forms (Chen, 2007).

From the perspective of the reverse impact of rural industrial integration on agricultural science and technology innovation. First of all, the rural industry integration provides a realistic docking platform for the convergence and integration of agricultural knowledge innovation and agricultural technology innovation. On this platform, scientific discovery is transformed into new technologies and adopted, so that scientific discovery results can be timely and effectively transformed into products and technologies, and promote the vigorous development of new technologies, new industries and emerging industries (Hong, 2016). Secondly, with the promotion of the integration of the rural primary, secondary and tertiary industries in the vertical and horizontal paths, the demand for agricultural scientific and technological innovation has become increasingly clear and specific, the standards have been constantly improved, the characteristics of green, intelligent, information-based, digital and human culture have been constantly strengthened, and the demand for agricultural scientific and technological innovation has been continuously enhanced, This change from demand will conduct a reverse transmission along the path of agricultural scientific and technological innovation affecting rural industrial integration, prompting agricultural scientific and technological innovation to optimize, adjust and even subvert innovation according to the guidance of the demand side, changing the direction, speed and scale of agricultural scientific and technological innovation, and adversely affecting the iterative upgrading of agricultural scientific and technological innovation to form a new scientific and technological level and structure.



3 Research methods


3.1 Variable selection


3.1.1 Variable selection for matching degree analysis

Matching degree analysis is carried out for two systems: agricultural science and technology innovation and rural industry integration. The index system of agricultural science and technology innovation system includes two secondary indexes: agricultural science and technology innovation input and agricultural science and technology innovation output, in which the input index consists of three tertiary indexes: R&D personnel, R&D funds and R&D institutions, and the output index consists of three tertiary indexes: paper output, patent output and technology market transaction. Because the above index values of agricultural statistics cannot be obtained directly, this study draws lessons from related studies (Chen et al., 2018; Wang and Liu, 2022), using the gross output value of agriculture, forestry, animal husbandry and fishery/regional gross output value as the weight, converts the above indicators, and separates agricultural science and technology innovation from it.

The index design of rural industrial integration system refers to the related research results of Li and Ran (2019) and Wang et al. (2021). This paper designs an index system composed of four secondary indicators and five tertiary indicators, including rural service industry integration, rural industrial chain extension, new agricultural format cultivation and agricultural multi-functional expansion. The meaning of indicators is shown in Table 1.



TABLE 1 Analysis indicators of matching degree.
[image: Table outlining systems for agricultural science and rural industry integration. It includes target levels, criteria levels, and indicators with meanings such as R&D personnel and expenditure, paper and patent output, and employment levels.]



3.1.2 Selection of variables for influencing factor analysis

In view of the factors that may affect the matching degree, the core independent variable of this study is the rural revitalization policy. This is because the implementation of the rural revitalization strategy is the general grasp of China’s “three rural” work in the new era. The implementation of the rural revitalization strategy has a huge impact on China’s agricultural and rural areas, which makes this policy variable have a potential exogenous impact on the matching degree of agricultural scientific and technological innovation and rural industrial integration.

At the same time, this study also considers four other control variables. (1) The scale of rural financial development: Rural finance is related to the financial constraints of rural industrial development, and this article measures the balance of agricultural loans. (2) Rural infrastructure level: The level of rural infrastructure not only affects the supply quality of agricultural scientific and technological innovation, but also affects the acceptance level of rural industries toward agricultural scientific and technological innovation. This article uses village road mileage to measure. (3) Regional education level: On the one hand, the education level of a region affects the progress of agricultural technological innovation, and on the other hand, it affects the development of rural industrial integration. This article uses the per capita education years as a measure. (4) Phase I lag matching degree: The matching degree of agricultural technology innovation and rural industry integration may be affected by the previous period. This article measures the matching degree of lagging one period of agricultural technology innovation and rural industry integration. The variables that affect the factor equation are shown in Table 2.



TABLE 2 Variables of influencing factor equation.
[image: Table displaying variables with their types, names, and meanings. Dependent variable is "Matching degree" indicating the matching value between agricultural science, technology innovation, and rural industry integration. Independent variables include "Core arguments" with "Rural revitalization policy," marked as 1 in 2018 and later, otherwise 0. "Control variables" encompass "Scale of rural financial development" (balance of agricultural loans), "Rural infrastructure level" (village road mileage), "Regional education level" (per capita years of education), and "Phase I lag matching degree" (matching value between technological finance and rural industrial integration lagging behind Phase I).]




3.2 Model settings

The steps to analyze the matching degree of agricultural scientific and technological innovation and rural industrial integration are: first, calculate the weight of each index in the two systems, then calculate the coupling degree of the two systems, and then calculate the matching degree again; Entropy method, coupling degree model and matching degree model will be used in turn.


3.2.1 Model setting for matching degree analysis


3.2.1.1 Entropy method

Dimensionless treatment of indicators

[image: Equation for \( x_i \) with two cases: if \( x \) is a positive indicator, \( x_i \) equals \((x - x_{\text{min}})/(x_{\text{max}} - x_{\text{min}})\); if \( x \) is a negative indicator, \( x_i \) equals \((x_{\text{max}} - x)/(x_{\text{max}} - x_{\text{min}})\).]

Where: x represents the original value of each indicator. If the indicator value is larger, the better, then this indicator is defined as a positive effect indicator, otherwise it is defined as a negative effect indicator; Xi represents the standardized value of each indicator, xmax represents the maximum original value of each indicator, and xmin represents the minimum original value of each indicator.

To avoid meaningless when taking logarithm of the standardized value of indicators, the standardized indicator data is translated:

[image: Equation showing \( X = (U_{mn} + 1) = (X_{mn})_{a*b} \) with the equation label (2).]

Where: m = 1,2,..., b; n = 1,2,……,aO

Proportion of the m evaluation object in the n index Pmn:

[image: Mathematical formula representing \( P_{mn} = \frac{x_{mn}}{\sum_{n=1}^{a} x_{mn}} \), labeled as equation three.]

Where: m = 1,2,..., b; n = 1,2,……,aO

Information entropy of the nth indicator:

[image: Mathematical equation representing energy, \( E_n = k \sum_{m=1}^{b} P_{mn} \ln P_{mn} \), labeled as equation four.]

[image: Mathematical formula showing k equal to one over the natural logarithm of b, with the equation labeled as number five.]

Where: m = 1,2,..., b; N = 1,2,.., a, k are constants, and the value interval of En is 0, 1.

Difference coefficient of the nth index:

[image: The equation shows \( G_n = 1 - E_n \), labeled as equation number six in parentheses.]

Weight of the nth indicator:

[image: Mathematical equation showing W sub n equals G sub n divided by the sum from n equals one to a of G sub n. Equation is labeled as number seven.]



3.2.1.2 Coupling model

In this study, the coupling degree model is used to analyze the strength of the coupling relationship between the two systems of agricultural scientific and technological innovation and rural industrial integration, which indicates the coupling degree between the two systems. In order to evaluate the indicators of agricultural scientific and technological innovation, the evaluation function of agricultural scientific and technological innovation is constructed:

[image: Polynomial function equation shown as p of x equals the sum from m equals one to i of a sub m times x sub m. Equation numbered eight.]

In order to evaluate the indicators of rural industrial integration, the evaluation function of rural industrial integration is constructed:

[image: Mathematical equation showing u(y) is equal to the summation from n equals one to j of b sub n times y sub n, with the equation number nine on the right.]

In the above formula, [image: Mathematical expression with the function "p of x" in parentheses, representing a probability distribution or function with respect to x.] is the agricultural science and technology innovation index, i is the number of indicators measuring the agricultural science and technology innovation index, [image: Lowercase letter "a" with a subscript lowercase letter "m" to the right, indicating a specific variable or notation in a mathematical or scientific context.] is the weight of the m index of the agricultural science and technology innovation index, and [image: The image shows the letter "x" with a subscript "m".] is the standardized value of the m index of the agricultural science and technology innovation index; [image: The image shows the mathematical notation "u(y)", indicating a function or variable \( u \) that is dependent on \( y \).] is the rural industry integration index, j is the number of indicators measuring the rural industry integration index, [image: Subscript notation showing the letter "b" with a subscript "n".] is the weight of the nth indicator of the rural industry integration index, and [image: The text shows "y" with a subscript "n".] is the standardized value of the nth indicator of the rural industry integration index.

Further, according to the capacity coupling theory and coefficient model, the coupling degree function of the two subsystems of agricultural scientific and technological innovation and rural industrial integration is constructed as follows:

[image: Equation for C as a square root: C equals the square root of the fraction p of x times u of y over the square of p of x plus u of y. Labeled as equation ten.]

The value range of coupling degree is 0, 1. When C = 0, it shows that the correlation between agricultural scientific and technological innovation and rural industrial integration is minimal, which means that there is no coupling relationship between the two systems; When 0 < C ≤ 0.3, there is a low-level coupling relationship between agricultural scientific and technological innovation and rural industrial integration; When 0.3 < C ≤ 0.5, there is a middle low level coupling relationship between agricultural scientific and technological innovation and rural industrial integration; When 0.5 < C ≤ 0.8, there is a medium high level coupling relationship between agricultural scientific and technological innovation and rural industrial integration; When 0.8 < C ≤ 1, there is a high-level coupling relationship between agricultural scientific and technological innovation and rural industrial integration; When C = 1, it indicates that the coupling degree between the two systems reaches the maximum, indicating that agricultural scientific and technological innovation and rural industrial integration achieve a benign coupling.



3.2.1.3 Matching degree model

During the multiyear comparative analysis, although the coupling degree of agricultural scientific and technological innovation and rural industry integration may be the same in different periods, the development process of the two cannot be completely consistent, which makes it impossible to fully and effectively reflect the “efficacy” and “synergy” effects of the two subsystems in the overall system by relying solely on the coupling degree model, resulting in some limitations in the analysis results of the coupling degree model. Therefore, based on the coupling degree, this study further uses the coupling coordination degree model to build a matching degree model to reveal the interactive coupling coordination degree between agricultural scientific and technological innovation and rural industrial integration.

[image: Equation showing M equals D, which equals the square root of C times T.]

[image: Equation depicting a linear combination: T equals alpha times p of x plus beta times u of y, labeled as equation twelve.]

In the above formula, M is the matching degree between the two systems of agricultural scientific and technological innovation and rural industry integration, D is the coupling coordination, C is the coupling degree, and T is the comprehensive coordination index of the two systems of agricultural scientific and technological innovation and rural industry integration, reflecting the overall synergy effect between the two systems and reflecting the coordination level of the two systems; α、β represents the undetermined coefficient, which is taken according to their importance in their respective systems. In practice, it is generally taken as α = β = 0.5.The value range of the matching degree is 0, 1. When 0 < M ≤ 0.3, there is a low matching relationship between agricultural scientific and technological innovation and rural industrial integration; when 0.3 < M ≤ 0.5, there is a medium matching relationship between agricultural scientific and technological innovation and rural industrial integration; when 0.5 < M ≤ 0.8, there is a high matching relationship between agricultural scientific and technological innovation and rural industrial integration; when 0.8 < M ≤ 1, there is a extreme matching relationship between agricultural scientific and technological innovation and rural industrial integration.




3.2.2 Model setting for influencing factor analysis

Due to the use of dynamic panels, this study uses generalized moment estimation (GMM) to estimate the influencing factor equation, and the equation constructed is as follows:

[image: Equation labeled as 13 shows a mathematical expression for log y sub it, equal to alpha sub 0 plus alpha sub 1 times x sub it plus beta sub 1 times ln of controls sub it plus epsilon sub it.]

In the above equation, i and t, respectively, represent the region and time. y represents the matching degree between agricultural technology innovation and rural industry integration. x represents the core independent variable, and when α1 is significantly positive, it indicates that the implementation of rural revitalization policies has significantly promoted the degree of matching. Controls represents the collection of control variables. [image: The symbol "μ_it" is presented, where "μ" represents the Greek letter mu, and "it" might denote a subscript, likely referring to a variable related to a specific context in mathematical or scientific notation.] represents a random interference term.




3.3 Data source

Limited by the availability of partial variable data, this study selected panel data from 30 provinces, autonomous regions and cities in China, excluding Hong Kong, Macao, Taiwan and Tibet, for analysis from 2006 to 2020. The sample data used are from China Rural Statistical Yearbook, China Science and Technology Statistical Yearbook, China Statistical Yearbook, China Financial Yearbook, China Leisure Agriculture Yearbook, China Tertiary Industry Statistical Yearbook, and the national greenhouse data system. The study used CPI from 2006 as the base period to flatten the relevant variables. For individual missing data, linear interpolation is used to complete.




4 Results


4.1 Coupling analysis

From the national dimension (Table 3), the average coupling degree of China’s agricultural scientific and technological innovation and rural industry integration in the sample period is 0.4785, which is in the range (0.3, 0.5). There is a medium low level coupling relationship between the two systems. On the time axis, although the coupling degree reached its peak in 2016 and decreased slightly, it still showed a relatively stable growth trend in the sample period.



TABLE 3 National coupling degree.
[image: Table showing time periods from 2006 to 2020 with corresponding coupling degree values. Notable values include 2006 with 0.4437, 2012 with 0.4850, and 2020 with 0.4861, indicating slight fluctuations over the years.]

From the regional dimension (Table 4), the sample regions are divided into Beijing Tianjin Hebei region (Beijing, Tianjin, Hebei Province), Northeast region (Liaoning Province, Jilin Province, Heilongjiang Province, Inner Mongolia Autonomous Region), Yangtze River Delta region (Shanghai, Jiangsu Province, Zhejiang Province, Anhui Province), Central region (Shanxi Province, Jiangxi Province, Shandong Province, Henan Province, Hubei Province, Hunan Province) South China (Guangdong Province, Guangxi Zhuang Autonomous Region, Hainan Province, Fujian Province), Southwest (Chongqing, Sichuan, Guizhou, Yunnan) and Northwest (Shaanxi, Gansu, Qinghai, Ningxia Hui Autonomous Region, Xinjiang Uygur Autonomous Region).



TABLE 4 Regional coupling degree.
[image: A table displaying time-series data from 2006 to 2020 for various regions in China: Beijing-Tianjin-Hebei, Northeast, Yangtze River Delta, Central section, South China, Southwest, and Northwest. Each cell contains a numerical value representing data for that year and region, with an additional row showing the mean for each region.]

The average coupling degree of each region in the sample period is in the range (0.47, 0.49), which does not show very significant heterogeneity, and belongs to the middle low level coupling relationship; The South China region and the Yangtze River Delta region are relatively high, while the other five regions have little difference with each other.

On the time axis, the coupling degree of each region in each year is generally within the range (0.3, 0.5), which is also a low level coupling relationship; In 2020, the coupling degree of the central region, the Yangtze River Delta region and the South China region is ahead of other regions, while the northeast region and the Beijing Tianjin Hebei region are relatively backward.

From the dimensions of provinces, municipalities and autonomous regions (Table 5), the average coupling degree in the sample period of Hebei, Zhejiang, Anhui, Fujian, Jiangxi and Guangdong provinces exceeded 0.49, while the average coupling degree in the sample period of Beijing, Shanxi, Heilongjiang and Guizhou did not exceed 0.46.



TABLE 5 Provincial coupling degree.
[image: Table showing data for various regions in China, listing scores for the years 2020 and their means. Key regions include Beijing City, Hebei Province, Shanghai City, Guangdong Province, and Sichuan Province. Scores range from 0.3684 to 0.5000 in 2020, with means from 0.4434 to 0.4937.]

In 2020, the coupling degree of Zhejiang Province, Anhui Province and Hunan Province is 0.5, reaching the critical value of medium to high level coupling relationship, and taking the lead in all 30 sample regions; In addition, the coupling degree of 18 regions exceeds 0.49, and that of 5 regions exceeds 0.48. The coupling degree of these regions is close to the critical value of medium high level coupling relationship; Relatively backward regions mainly include Beijing, Liaoning, Yunnan and Gansu.



4.2 Match analysis

As mentioned above, simply relying on the coupling degree model cannot fully and effectively reflect the “efficacy” and “synergy” effects of the two subsystems in the overall system. Therefore, further analysis of the matching degree of agricultural scientific and technological innovation and rural industrial integration has become the focus of this study.

From the national perspective (Table 6), the average matching degree of China’s agricultural scientific and technological innovation and rural industrial integration in the sample period is 0.4315, which is between 0.3–0.5. There is a moderate matching relationship between the two systems. On the time axis, the matching degree shows an overall growth trend, with an average annual growth rate of 1.87%, especially after 2010, showing a very steady upward trend, with the growth rate reaching 2.44% during 2010–2020.The main reason for the changes is that China has been building new rural areas since 2005, which has greatly promoted the development of rural industries. At the same time, in 2007, China’s agricultural science and technology innovation system was established, increasing its support effect on the development of rural industries. The growth trend of the matching degree in the sample period shows an obvious two-stage feature, which is in a moderate matching during 2006–2015, and after breaking through the critical value of 0.5.in 2016–2020, the matching degree between the two systems will enter a high matching range (0.5, 0.8).



TABLE 6 National matching degree.
[image: Table showing the coupling degree from 2011 to 2020. From 2011 to 2015, values increase from 0.3608 to 0.4761. From 2016 to 2020, values increase from 0.5008 to 0.6058.]

From the regional dimension (Table 7), in the sample period, the Yangtze River Delta region has the largest mean value of matching degree of each region, while the southwest region has the smallest, but the difference between them is only 0.0301; In terms of average annual growth rate, all seven regions have reached a growth rate of at least 1.5%, among which the northeast region is outstanding, followed by the central region, while the growth rate of the northwest region is relatively low.



TABLE 7 Regional matching degree.
[image: A table showing annual data from 2006 to 2020 for different regions in China, including Beijing-Tianjin-Hebei, Northeast, Yangtze River Delta, Central section, South China, Southwest, and Northwest. It records growth values, the mean, and the average annual growth rate percentage for each region. The highest growth rate was in the Yangtze River Delta in 2020, while the 2012-2020 mean ranges from 0.4266 in the Northwest to 0.4548 in the Yangtze River Delta.]

On the timeline, all regions have completed the upgrading from medium to high matching. The Beijing Tianjin Hebei region and the Yangtze River Delta region entered the high matching region in 2015, the southwest region in 2016, the central region, South China and Northwest region in 2017, and the northeast region in 2019. In 2020, the matching degree of the central region, the Yangtze River Delta region, the South China region and the Southwest region is more than 0.6, while the matching degree of the Beijing Tianjin Hebei region, the Northeast region and the Northwest region is in the range (0.56–0.59).

From the dimensions of provinces, municipalities and autonomous regions (Table 8), The average matching degree of each region in the sample period is within the range (0.3, 0.5) moderate matching level, but the matching degree of all regions has improved to a certain extent in the sample period. In terms of the average annual growth rate, there are 12 regions whose growth rate exceeds 2%, 15 regions whose growth rate is between 1 and 2%, and only 3 regions whose growth rate is between 0 and 1%. Under the background of this growth trend, the matching degree of 28 regions will enter a high matching range in 2020, with a value between 0.5–0.8.



TABLE 8 Provincial matching degree.
[image: Table displaying regional data from 2020, mean values, and average annual growth rates. Regions such as Beijing, Tianjin, and Hebei show growth rates of 0.35%, 2.88%, and 2.65%, respectively. Other regions like Henan and Hubei show growth rates of 2.90% and 2.06%. The table is divided into two main columns, each listing different provinces or cities with corresponding statistical data.]



4.3 Analysis of influencing factors

This study also provides the estimation results of OLS, Individual Fixed Effects Model (FE), differential GMM (DIF-GMM) and system GMM (SYS-GMM; Table 9). The differential GMM and system GMM models do not have second-order autocorrelation problems, nor do they have excessive identification problems. This study is based on the estimation results of the system GMM (SYS-GMM). This is because, on the one hand, GMM solves the endogenous problem of the equation, making its estimation results superior to OLS and fixed panel estimation; On the other hand, compared with differential GME, GME has smaller bias and higher efficiency.



TABLE 9 Estimation results of influencing factor equation.
[image: Regression table comparing four models: OLS, FE, DIF-GMM, and SYS-GMM, analyzing variables like rural revitalization policy and education level. Significance is marked with asterisks. Tests include AR(1), AR(2), and Sargan, with p-values in parentheses.]

The estimated coefficient of the core independent variable rural revitalization policy in SYS-GMM is positive, and has passed the 1% significance test, which shows that after removing the endogenous, the rural revitalization policy has a positive effect on the matching degree. The implementation of the rural revitalization policy helps to improve the matching degree between agricultural scientific and technological innovation and rural industrial integration, which means that China should focus on promoting the rural revitalization policy toward deeper implementation in the future.

In terms of control variables, the estimated coefficients of the matching degree between the scale of rural financial development and the first phase lag are positive, and they pass the significance tests of 5 and 1%, respectively. The improvement of rural financial development scale brings more abundant financial supply, which can effectively improve the matching degree; However, the lag phase I matching degree is obviously regular, which indicates that the matching degree itself has a lag, leading to an inertial trend in its development path. Therefore, it is of great importance to keep the matching degree in a stable development state. The estimation coefficient of the regional education level is positive, but it has not passed the significance test. It may be that China has attached great importance to education for a long time, and the regional education level has been significantly improved in the past period, so that the impact of this variable on the matching degree has not reached a significant level. The estimation coefficient of the regional infrastructure level is also positive, and has not passed the significance test. It may be that the new rural construction since 2005 has effectively improved the construction of rural roads in China, which makes this variable have a positive impact on the matching degree in the sample period of this study, but it has not reached a significant level.




5 Discussion

The positive interaction between agricultural technological innovation and the integration of rural industries contributes to addressing the issue of the “dual identity” problem between agricultural technological innovation and industrial development in rural areas, achieving their coordinated development. Quantitative analysis is needed to determine the level of matching between agricultural technological innovation and the integration of rural industries in China. Additionally, the implementation of the rural revitalization strategy has brought about new changes to China’s agricultural and rural development. The impact of this policy variable on the matching between agricultural technological innovation and the integration of rural industries also requires empirical examination.

Addressing the aforementioned two issues, this study, based on the matching model and Generalized Method of Moments (GMM), examines the matching degree of agricultural technological innovation and the integration of rural industries in China and its influencing factors. Our research finds that the matching degree between agricultural technological innovation and the integration of rural industries in China during 2006–2015 was within the moderate matching range (0.3, 0.5). The main reasons for the failure to achieve a higher level of matching between the two during this period are attributed to issues such as the significant segmentation of agricultural research institutions, insufficient innovation capabilities, low rate of technology transfer, lagging construction of agricultural technology promotion systems, weakening demand for agricultural technological innovation due to imbalanced rural industrial structure development, and the inability of rural industries to generate pressure on agricultural technological innovation (Yao and Zhang, 2021). Although the matching degree between agricultural technological innovation and the integration of rural industries in China was not high during 2006–2015, there was a robust upward trend overall, indicating that the constraints on the matching degree are gradually being addressed (Guo, 2019; Mao et al., 2019; Xiao and Feng, 2020; Qian et al., 2023), and the matching degree between the two ultimately entered a high-level matching phase in 2016, indicating that the interaction between agricultural technological innovation and the integration of rural industries in China has entered a new stage (Wang et al., 2024). The improvement in overall matching degree relies on the improvement of regional levels. The changes in the matching degree between agricultural technological innovation and the integration of rural industries in various regions, provinces, municipalities, and autonomous regions of China during the sample period show a trend similar to the overall trend, and except for individual areas, most have upgraded from moderate matching to high matching.

The implementation of the rural revitalization policy has a significantly positive impact on the matching degree between agricultural technological innovation and the integration of rural industries, indicating that the favorable policy environment brought about by China’s rural revitalization strategy has to some extent eliminated obstacles to raising the matching level between agricultural technological innovation and the integration of rural industries. This finding is consistent with the conclusions of studies by Wang et al. (2022), Yang and Zhu (2024), Zhang (2024), and others. Additionally, rural financial development and lagged matching degree also have a significantly positive impact on the matching degree between rural industries, which is consistent with the conclusions of related studies by Li and Ran (2020), Zhang and He (2023), and others.

Finally, it should be noted that although this study calculates the matching degree between agricultural technological innovation and the integration of rural industries in China and analyzes its influencing factors, there are still limitations. Firstly, the availability of data limits the construction of indicators for agricultural technological innovation and the integration of rural industries, resulting in an incomplete indicator system. Secondly, due to data availability limitations, the number of control variables in the influencing factor model is relatively small.



6 Conclusion and policy implications

Focusing on the integration of agricultural science and technology innovation and rural industry in China, this study first calculated the coupling level between the two by using the coupling degree model, and then further analyzed the matching relationship between the two by using the matching degree model; Then, taking the matching degree as the dependent variable, we used the generalized moment estimation (GMM) to investigate the relevant influencing factors. The research found that: (1) In terms of the coupling degree, whether it is China as a whole, each region or 30 sample regions, There is no breakthrough (0.3, 0.5). There is a medium low level coupling relationship between agricultural scientific and technological innovation and rural industrial integration. However, from the perspective of 2020, there are 3 regions that reach the critical value of medium high level coupling relationship, and 23 regions are close to the critical value of medium high level coupling relationship. These regions are hopeful to achieve breakthroughs in the future. (2) In terms of matching degree, The matching level between China’s agricultural scientific and technological innovation and rural industrial integration showed a steady upward trend in the sample period. Both China as a whole and all regions completed the upgrading from medium matching to high matching in the sample period. The performance of all regions was also excellent. In 2020, the matching degree of 28 regions entered the high matching range (0.5, 0.8). (3) In terms of influencing factors, The implementation of the rural revitalization policy will help to improve the matching degree between China’s agricultural scientific and technological innovation and rural industrial integration; The scale of rural financial development and the matching degree of lagging one period also have a significant positive impact on the improvement of the matching degree. This study can be further studied in at least three areas in the future: firstly, further optimization of indicators for agricultural technology innovation and rural industry integration to improve the accuracy of matching; The second is to explore the intermediary mechanism of agricultural technological innovation on the integration of rural industries; The third is to compare and analyze the relationship between linear and nonlinear perspectives.

The government should improve the supply level of agricultural scientific and technological innovation. First, improve the level of agricultural knowledge innovation, strengthen the construction of agricultural science specialty, create a good innovation environment for knowledge innovation subjects, and steadily increase the investment in knowledge innovation subjects. The second is to improve the level of agricultural technology innovation, establish a positive innovative corporate culture, and let the value of innovation for development become the spiritual power source of enterprise technology innovation; Focus on expanding government investment in innovative activities of agricultural science and technology enterprises; We will strengthen and improve the construction of the innovation market system from the aspects of finance, information, property rights and other elements. The third is to improve the level of coordination and integration between the knowledge innovation system and the technology innovation system. The key is to enhance the interaction between the knowledge innovation subject and the technology innovation subject, so that the double innovation achievements can have an effective interactive transformation, stimulate the potential value of knowledge innovation, and give play to the driving force of technology innovation to real production.

The government should enhance the adaptability of agricultural scientific and technological innovation supply and demand. First, accurately grasp the characteristics of scientific and technological demand of different types of rural industries, and timely carry out more targeted scientific and technological innovation based on demand. The second is to accurately grasp the characteristics of resource endowments in different regions, adjust technological innovation achievements according to regional characteristics, and conduct scientific and technological innovation based on the heterogeneity of resource endowments. The third is to cultivate diversified rural industrial integration subjects and strengthen the connection with universities and scientific research institutions.

The government should improve the policy support system. Give play to the leading role of the government and create a good policy environment. While adhering to the general direction of the rural revitalization policy, we should focus on improving the sub policies included in it, and through the optimization of the sub policies, the corresponding “three rural” areas will be changed accordingly; In the framework of top-level design, regions should formulate more specific policies based on local factor endowment characteristics, enhance the pertinence, diversity, effectiveness, complementarity and flexibility of policy tools, and ensure that all policies can be truly implemented.

The government should optimize the financial security system. First, we will provide more abundant credit support for agricultural scientific and technological innovation and rural industrial integration, unblock financial supply channels, and improve the universality and availability of financial products. The second is to improve the risk prevention mechanism and effectively resolve various risks by building a risk identification and measurement system and an early warning and control system. Third, financial service innovation is carried out according to the characteristics of agricultural science and technology innovation activities and rural industry integration, and targeted development of new models.
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Introduction: This research investigates the impact of credit constraints on the yield of smallholder ginger farmers in southern and central Ethiopia. It addresses the importance of understanding the relationship between credit constraints and agricultural productivity in smallholder farming systems.
Methods: Employing a cross-sectional dataset from 343 randomly selected households, we utilized the endogenous switching regression model to address potential sample selection bias.
Results: The analysis in the first stage showed that livestock holding, marital status, farm size, distance to credit source, and information access are primary determinants influencing the credit constraint status of smallholder ginger farmers. In the second stage, the analysis revealed that family size, farm size, and cooperative membership significantly affected ginger yield. Moreover, the average treatment effect suggests a significant impact of credit constraints on ginger yield, with credit-constrained farmers experiencing a greater positive effect compared to credit-unconstrained farmers. These findings highlight the complex relationships between credit constraints, socioeconomic factors, and agricultural yield in the context of smallholder ginger farming.
Discussion: The implications of this research extend to informing policy decisions and intervention strategies aimed at alleviating credit constraints and enhancing the overall yield and livelihoods of smallholder ginger farmers in the studied regions. Policy recommendations include prioritizing interventions to enhance ginger yield by promoting cooperative membership, improving access to credit sources, fostering livestock ownership, and reducing the distance to credit sources. Additionally, enhancing access to information for effective mitigation of credit constraints is crucial for boosting productivity in smallholder ginger farming.
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1 Introduction

In 2021, an alarming 2.3 billion people worldwide grappled with food security (Galanakis, 2020). Within this Africa, bore the brunt with over one-third, approximately 795 million people, struggling to access adequate nutrition (Bashari, 2023). This unsettling reality underscores the urgent need to address hunger and malnutrition as part of the sustainable development goals (SDGs). Goal 2, “Zero Hunger,” epitomizes this imperative, aiming to end hunger, achieve food security, improve nutrition, and promote sustainable agriculture by 2030 (Muchunguzi, 2023). To achieve the sustainable development goals (SDGs) and ensure sustainable food access, urgent action is needed (Rafael, 2017). Addressing food insecurity requires boosting agricultural production, especially in developing nations where agriculture is pivotal (Bhatt et al., 2018). Supporting farmers, the backbone of agriculture, and tackling impediments to intensification are crucial to averting the looming threat of global food insecurity (Ahmadzai et al., 2021).

Addressing the challenge of improving agricultural productivity in sub-Saharan Africa, particularly in relation to land area, stands as a critical goal for the 21st century (Jayne et al., 2021). Despite the continent’s vast agricultural potential, Africa lags behind other continents in terms of yield, with substantial variations between regions (Tian and Yu, 2019). The proposed solution to enhance productivity is grounded in the concept of the “green revolution,” which advocates for the widespread adoption of inputs such as fertilizers, irrigation, improved seeds, and technologies (Tadele, 2017; Qaim, 2020).

In Ethiopia, smallholder farmers constitute a significant portion of the population, relying heavily on agriculture for their livelihoods (Akanmu et al., 2023). Ginger, renowned globally as a versatile spice, holds significant agricultural importance in Ethiopia, both for local consumption and export, due to favorable climatic and soil conditions and a longstanding cultivation tradition (Access et al., 2012). Despite the nation’s substantial potential for ginger production, it remains confined to select regions in southern Ethiopia, with minor cultivation in southwestern Oromia and northern Amhara (Hordofa and Tolossa, 2020). In 2019, ginger production in Ethiopia surged to 445,000 metric tons, positioning the country as the second-largest ginger producer in Africa, following Nigeria, according to data from the Ethiopian Ministry of Agriculture (Kifile et al., 2023). Over the past two decades (2004–2022), Ethiopia has exported a total of 86,820 tons of ginger. Notably, the majority of this export volume, approximately 95%, occurred within the first decade (2004–2013), followed by a substantial decline in the second decade (2014–2022) (FAOSTAT, 2022).

However, ginger production in Ethiopia confronts several daunting challenges, including a high incidence of ginger diseases, suboptimal agronomic practices, limited marketable surplus due to poor quality, inadequate attention from policymakers and development practitioners, and notably, financial constraints, such as limited access to credit (Kifile et al., 2023). This financial constraint significantly impedes smallholder farmers’ ability to invest in essential inputs such as fertilizers, irrigation systems, and improved seeds, thus hampering productivity and overall yield. Without sufficient financial resources, farmers face difficulties in adopting modern agricultural practices and technologies Sekyi et al. (2020), widening the yield gap between Ethiopia and other regions. This credit constraint not only stifles agricultural productivity but also perpetuates cycles of poverty and food insecurity among smallholder farmers. As they are unable to invest in their farms, farmers remain trapped in subsistence farming practices, unable to break free from the cycle of low yields and meager incomes. Moreover, the impact of credit constraints extends beyond individual farmers to the broader economy, impeding the country’s efforts to achieve sustainable development goals, particularly SDG 2: Zero Hunger.

The Resilient Agriculture for Inclusive and Sustainable Ethiopian Food System (RAISE-FS) program supports ginger production in southern Ethiopia by fostering research and collaboration, yielding solutions such as disease management strategies, which have enhanced yields (Abate and Schaapp, 2022). Nevertheless, scaling these interventions may face limitations due to resource constraints and agricultural complexities. Several organizations, including Areka Agricultural Research Center, Stichting Wageningen Research Ethiopia, Ethiopian Institute of Agricultural Research, and Wageningen Center for Development Innovation, actively support ginger production through research and technical assistance (Kifile et al., 2023). Continuous evaluation is essential to gauge the effectiveness of these interventions.

Amidst these challenges, the role of credit constraints in aggravating the difficulties faced by smallholder ginger farmers has become increasingly apparent (Kifile et al., 2023). The scarcity of financial resources impedes farmers’ ability to adopt improved technologies, secure high-yielding varieties, and implement effective disease and pest management strategies (Sekyi et al., 2020). Consequently, there is a pressing need to investigate the socioeconomic determinants of credit constraints among ginger farmers in southern and central Ethiopia and understand the consequent impact on ginger yield.

Existing literature, represented by studies, such as Ayodele and Sambo (2014), Gobena (2016), and Ogbanje and Igboko (2019), lacks a comprehensive assessment of credit constraints in ginger farming and their productivity impact. This study aimed to investigate these factors among smallholder ginger farmers in southern and central Ethiopia. Examining the relationship between credit constraints, input adoption, productivity, and ginger yield addressed gaps in understanding the socioeconomic factors influencing ginger production.

Smallholder farmers face difficulty accessing affordable credit, hindering investment in modern inputs and technologies (Balana and Oyeyemi, 2022). Our study aimed to fill this gap by investigating the socioeconomic determinants of credit constraints among ginger farmers, shedding light on their implications for productivity. Through comprehensive research, we aimed to inform policymakers, practitioners, and stakeholders, facilitating evidence-based interventions to promote sustainable agricultural development in the region.

The rest of the article is organized as follows: section 2 is a literature review, section 3 presents the methodology, section 4 presents the results and discussion, and section 5 concludes this article by presenting policy implications.



2 Literature review


2.1 Theoretical approach

This study is based on the theory of utility maximization, which assumes the rational behavior of ginger producers in their activities. The choice to employ utility maximization theory over key theories, such as agricultural growth theory (Barrett et al., 2010), credit constraint theory (Jack, 2013), and socioeconomic theory (Kang and Sawada, 2008), stems from the study’s precise focus and objectives. While these key theories offer valuable insights into broader agricultural productivity dynamics, utility maximization theory provides a more targeted approach to examining the relationship between credit service constraints and agricultural yields in ginger farming. Utility maximization theory posits that ginger producers make rational decisions to maximize their utility or satisfaction, considering their preferences and constraints, particularly in obtaining the full requested amount of credit. The theoretical analysis of the factors influencing farmers’ credit utilization behavior and its impact on agricultural yield is depicted in Figure 1. This framework allows for a detailed analysis of the factors influencing farmers’ credit utilization behavior, incorporating individual preferences and strategic considerations.

[image: Flowchart depicting the relationship between utility maximization theory and ginger yield. The process starts with utility maximization theory, leading to a decision-making process regarding credit utilization. This splits into unconstrained and constrained farmers, both impacting ginger yield. Explanatory variables also influence ginger yield.]

FIGURE 1
 Conceptual framework of the study. Source: Adopted from Awunyo-Vitor (2018).


Moreover, utility maximization theory facilitates a micro-level examination of decision-making processes within the agricultural sector, complementing the broader theoretical perspectives of the key theories. By focusing on how individual decisions translate into agricultural productivity outcomes, the study aims to deepen the understanding of the mechanisms underlying farmers’ credit utilization behavior and its impact on agricultural yields, thereby enhancing the insights provided by the key theories. A farmer’s rational decision to apply for a loan should be based on the fact that the benefit of receiving the requested full amount is greater than the benefit of not obtaining it. Using the direct elicitation approach (Ali et al., 2014), only farmers who have received the entire requested amount are considered as unconstrained, while the others are considered constrained (Supplementary Appendix I).

The utility derived from credit utilization by ginger farmers is then described as follows:

[image: The image displays a mathematical inequality: \( U_1 > U_0 \) is equivalent to \( U_1 - U_0 \) being equivalent to \( (\alpha_1 - \alpha_0)X + (\varepsilon_1 - \varepsilon_0) > 0 \). This expression is labeled as equation (1).]

With:

[image: Equation labeled as (2), showing \( U_1 = \alpha_1 X + \varepsilon_1 \), where \( U_1 \), \( \alpha_1 \), \( X \), and \( \varepsilon_1 \) are variables or parameters.]

[image: Equation labeled (3) shows U subscript 0 equals alpha subscript 0 times X plus epsilon subscript 0.]

Equation (1) represents the utility derived from credit utilization by ginger producers, Where [image: A mathematical expression showing a capital letter "U" enclosed in parentheses.], is utility derived from credit utilization by ginger producers and which is a function of the set of explanatory variables [image: A mathematical symbol depicting the letter "X" enclosed in parentheses, typically representing a variable or function in algebraic expressions.] that would affect the credit unconstrained ginger producers, α represents the coefficient or parameter associated with the explanatory variables affecting the credit availability for unconstrained ginger producers, and [image: Greek letter epsilon in lowercase, resembling a curved, open loop.] represents the error term. Equations (2) and (3) utilized to represent utility derived from credit utilization by credit unconstrained and constrained producers respectively. Similarly, the difference in expected utility from using credit is not directly observable, but what could be observed is farmers’ decision to use credit (Ali and Awade, 2019). Let [image: Greek letter pi with an asterisk symbol superscripted next to it.]denote the net marginal benefit of having access to full amount of credit (the dummy latent variable). It is defined based on the binary indicator of whether a farmer has access to the full amount of credit or not and described as follows:

[image: Equation defining π, where π equals one for credit unconstrained farmers if π star is greater than zero, and π equals zero for credit constrained farmers if π star is less than or equal to zero.]

Then, the utility function of a ginger farmer takes the form as follows:

[image: Equation labeled as equation five, showing pi star equals X prime alpha plus epsilon.]

Here, Equation (4) represents the net marginal benefit of having access to the full amount of credit, where a value of 1 is assigned if the farmer is credit unconstrained, and 0 if the farmer is credit constrained. Equation (5) presents the utility function of a ginger farmer incorporating the net marginal benefit term. Assuming that being credit unconstrained is derived from expected utility maximization subject to the socioeconomic characteristics of typical ginger farmers. Assuming that being credit unconstrained is derived from expected utility maximization subject to the socioeconomic characteristics of typical ginger farmers.



2.2 Conceptual framework

The conceptual framework delves into the intricate interplay between credit constraints and agricultural yield, guided by the principles of utility maximization theory and the rational decision-making process of ginger producers (Awunyo-Vitor, 2018). As highlighted by Jack (2013), credit constraints serve as formidable barriers limiting farmers’ access to essential financial resources for agricultural investments. This framework systematically outlines the crucial elements influencing farmers’ credit utilization behavior and its subsequent impact on agricultural productivity. Expected utility maximization forms the cornerstone of farmers’ decision-making, where they carefully weigh the benefits of obtaining credits against associated costs and risks (Ali and Awade, 2019). This rational approach extends to allocating agricultural inputs, such as labor, seeds, and machinery, with farmers strategically optimizing their input combinations based on expected utility from credit utilization (Barrett et al., 2008). Additionally, the adoption of innovative agricultural technologies, informed by farmers’ utility maximization decisions, plays a pivotal role in enhancing productivity and mitigating the adverse effects of credit constraints (Kang and Sawada, 2008). The socioeconomic factors, including household income and education level, further shape farmers’ utility-maximizing behavior regarding credit utilization, underscoring the broader socioeconomic context influencing agricultural outcomes (Teklewold et al., 2013). Ultimately, ginger yield emerges as the key outcome variable, reflecting the efficacy of farmers’ utility-maximizing decisions in navigating credit constraints and optimizing input allocations to achieve enhanced productivity and food security. Figure 1 below shows the conceptual framework of the study.



2.3 Analytical approach

Estimating the impact without experimental observations is a very difficult method due to selection bias and lack of counterfactual data (Wooldridge, 2003). Both unobservable characteristics of farmers and their farms can influence the decision to use or participate in any scenario, which could lead to misestimation of the impact on the outcome variables (Meskel et al., 2020). The study by Ali and Awade (2019) indicated that the characteristics of farmers who received the full amount of the requested credit service could be systematically different from those who did not receive it. This could possibly lead to the occurrence of self-selection, thus leading to a correlation of the error terms of both equations (Kim and Mokhtarian, 2023). To mitigate these challenges, researchers often employ various econometric methods. Traditional approaches include the Heckman two-step approach or instrumental variable (IV) regression. However, these methods come with assumptions, including the normal distribution of unobserved variables in the two-step procedures and the challenge of finding suitable instruments for IV regression. Additionally, both OLS and IV procedures assume a linear functional form, implying similar coefficients for control variables across credit access and non-access groups. Alternatively, propensity score matching (PSM) requires no assumption about the functional form but assumes that the yield function differs only by observable factors. However, this assumption can lead to biased estimates when yield function differs and involves unobservable factors influencing both credit access and ginger yield.

Endogenous switching regression models indeed offer a promising avenue for impact assessment studies, particularly in situations where treatment assignment is not random and individuals self-select into treatment. However, these models are not without their limitations. One major limitation is the potential for selection bias, wherein individuals who choose to participate in the treatment group may differ systematically from those who do not. To address this, endogenous switching regression models incorporate selection equations to account for the self-selection process. Another limitation is the assumption of unobserved heterogeneity, where unobserved factors influence both treatment selection and outcome. Techniques such as instrumental variables or control function approaches are often employed to mitigate this issue. Despite these limitations, the strength of endogenous switching regression models lies in their ability to simultaneously model both the selection process and the outcome equation, thus providing more robust estimates of treatment effects compared to other models (Murtazashvili and Wooldridge, 2016). This comprehensive approach allows researchers to better understand the impact of interventions while accounting for self-selection biases and unobserved heterogeneity, making it a preferable choice for impact assessment studies in complex social settings.




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 is situated in central Ethiopia. The administrative structure comprises 22 districts in the Wolaita zone and 8 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 the lion’s share, followed by cereals such as maize and teff, root crops such as taro and sweet potato, and animal husbandry. Figure 2 below shows the map of the study area.

[image: Study area map showing regions in Ethiopia with detailed insets. The main section highlights specific kebeles: Matala Walena, Muguja, Ajora, Gamo Walana, Adila, and Parawocha. Surrounding districts include Hadaro Tunto and Boloso Bombe, with zones like Kambata Tambaro and Wolayita. Various colors identify each area, with labels and a legend for reference. North is marked by compass arrows.]

FIGURE 2
 Map of the study area. Source: Sketched by using (ArcGIS, 2022).




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. First, we identified two agricultural zones in the study area: the Wolaita zone, comprising the Boloso-Bombe district, and the Kembata-Tembaro zone, including the 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 4 kebeles from the 18 kebeles in the Boloso-Bombe district and 2 kebeles from the 16 rural kebeles in the Hadaro-Tunto district. This selection was based on the proportion of ginger-producing kebeles in each district, ensuring representation across the study area. Kothari (2004) provides several sample size determination formulas based on different statistical considerations. Kothari (2004) provides several sample size determination formulas based on different statistical considerations. One such formula, commonly used in survey research, is given by Equation (6):

[image: Sample size formula for a population is shown. It is expressed as n equals Z squared times p times q times N, divided by e squared times (N minus 1) plus Z squared times p times q. Further detailed with values as n equals (1.96 squared times 0.5 times 0.5 times 3208) divided by (0.05 squared times 3208 plus 1.96 squared times 0.5 times 0.5), which approximates to 343, equation (6).]

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 Israel (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 [image: A blurred plus sign symbol set against a white background.]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 3208 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 the Boloso-Bombe district, 64 households were selected from Gamo Walalna, 29 from Matala Walana, 67 from Parawocha, and 50 from Adila. Similarly, in the 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 by district and their respective kebeles.
[image: Table showing ginger producer data from Boloso-Bombe and Hadaro-Tunto districts. Boloso-Bombe includes Parawocha (630 households, 67 sampled), Adila (470, 50), Gamo Walana (595, 64), and Matala Walana (270, 29). Hadaro-Tunto includes Mukurunja (620, 66) and Ajora (623, 67). Total households: 3208, with 343 sampled. Source: Boloso-Bombe and Hadaro-Tunto Agricultural District Office, 2022.]

The sampling method and sample size determination described above provided a representative and statistically valid approach to data collection in the Bolso-Bombe and Hadaro-Tunto districts to provide valuable insights into the impact of credit constraints on ginger yields in the southern and central regional states of Ethiopia.



3.3 Source of data

The data for this study were gathered through structured interviews and questionnaires administered to ginger farmers from March 2023 to June 2023. The questionnaire, which specifically targeted ginger farmers, focused exclusively on gathering information pertaining to the year 2022. In-depth interviews were conducted to ensure comprehensive data collection. Before the main data collection, a pre-test of the questionnaire was conducted to address any uncertainties. The questionnaires included sections on respondents’ socioeconomic and demographic characteristics, credit access (from formal and informal sources), farm information, such as ginger yield, and other relevant variables. A cross-sectional research design was employed to investigate the impact of credit constraints on the yield of smallholder ginger farmers in southern and central Ethiopia. Before the main data collection, a pilot survey involving five farmers from each kebele was conducted to refine the questionnaire’s clarity, comprehension, and relevance. The data collection process was facilitated by trained enumerators who possessed a deep understanding of the local context and agricultural practices specific to ginger farming. A structured questionnaire, meticulously designed to cover various aspects such as demographics, agricultural practices, credit access, credit participation, yield, and relevant variables, was administered to 343 smallholder ginger farmers.



3.4 Variable definition and prior expectation

In our study, we examined the association between credit constraint (treatment variable) and ginger yield (outcome variable). The study included 1 treatment variable, 13 independent variables, and 1 outcome variable. Credit constraint is central to the study, serving as the treatment variable that distinguishes households as either constrained or unconstrained in accessing credit resources. Ginger yield, measured in quintals per hectare, serves as the outcome variable, reflecting productivity in ginger cultivation. Formal sources of credit constraints include cooperatives, microfinance institutions, and development banks, while informal sources encompass relatives, wealthy farmers, money lenders, rotating savings and credit associations, and social networks.

Based on the previous studies, the variables included in the study are crucial determinants of credit access and household welfare, as well as agricultural productivity and efficiency. These include demographic factors such as sex, age, marital status, and education level (Economics and Library, 2017; Mukasa et al., 2017), as well as socioeconomic factors such as family size, farm size, distance to credit source, and total livestock ownership (Rada and Fuglie, 2019; Asiamah et al., 2021). Other variables, such as experience in production, extension contact, access to information, involvement in off-farm activities, and cooperative membership, further affect credit access and contribute to household welfare and food security (Awunyo-vitor et al., 2013; Ali and Deininger, 2014). To ensure clarity and accessibility, all variables used in the study are defined in Supplementary Appendix II.

The endogenous switching regression (ESR) model was employed to estimate the impact of credit constraints on ginger yield. To attain consistent, unbiased, and valid outcomes before the estimation process, multicollinearity, omitted variables, and heteroscedasticity issues were checked. The Variance Inflation Factor (VIF) values for the variables indicate that multicollinearity is not a concern, as all VIF values are below the commonly accepted threshold of 10. The mean VIF is 1.21, further confirming the absence of multicollinearity among the variables (Supplementary Appendix IV). The Breusch–Pagan heteroscedasticity insignificant test (prob > chi2 = 0.498) showed the data have no heteroscedasticity problem (Supplementary Appendix V). Similarly, the omitted variable test (ovtest) (prob > F = 0.7969) suggested that there was no omitted variable problem in the model specification (Supplementary Appendix VI).



3.5 Model specifications

The aim of the study was to understand the impact of credit constraints on the yield of smallholder ginger farmers. The ESR model consisted of two stages, the first of which used a probit model to assess credit constraints among smallholder ginger farmers. This stage aimed to determine the likelihood of farmers facing credit constraints based on various predictor variables. The probit model estimated the probability of being credit-constrained, considering socioeconomic and demographic characteristics. The model is represented by Equation (7):

[image: Probit model equation shows Probit (Constrained equals one) equals Ω(Zβ₁), denoted as equation seven.]

Where [image: Omega symbol in black on a white background.] is the aggregate distribution function of the standard normal distribution representing a vector of exogenous variables affecting the credit constraint, [image: A white background with a simple horizontal black line running across the center.] is a vector of exogenous variables affecting the credit constraint, and [image: Greek letter beta subscript one, typically used in mathematical and statistical formulas to represent a parameter or coefficient.] is a vector of coefficients to be estimated. Smallholder farmers were divided into two groups based on the probabilities estimated by the probit model. A common threshold (e.g., 0.5) was used to classify farmers into constrained and not constrained in the credit market.

After classifying smallholder farmers into treatment groups (unconstrained) and control groups (constrained) based on their predicted probabilities of constraint condition, the second stage estimated the outcome equation for each group separately:

For the treatment group (T = 0):

[image: Mathematical equation representing yield as \( Y_0 = X \beta_1 + U_0 \), labeled as equation (8a).]

For the control group (T = 1):

[image: Equation 8b represents a model with the formula: Yield Y sub 1 equals X beta sub 2 plus U sub 1.]

Where Y0 and Y1 denote potential outcomes for the treatment (Equation 8a) and control groups (Equation 8b), respectively; X represents a vector of exogenous variables influencing the yield; β1 and β2 are vectors of coefficients to be estimated; and U0 and U1 are the error terms assumed to be normally distributed.

To account for potential endogeneity in the credit constraint equation, instrumental variables were introduced. The instrumental variables were variables that correlated with the endogenous explanatory variable (credit constraint) but did not correlate with the error term in the outcome equation. The instrumental variables isolated exogenous variability in the credit constraint conditions. The Pearson correlation analysis assessed instrumental validity, unveiling a significant positive correlation between distance to credit source and credit constraint (treatment variable), indicating a robust link to credit constraint. Conversely, no significant correlation was detected between distance to credit source and yield (outcome variable), implying minimal influence on yield (Supplementary Appendix III). Therefore, following the studies by Shiferaw et al. (2014) and Khonje et al. (2015), distance to credit source was used as an instrument in this study.

Understanding the treatment effect is essential in research and policy-making to gauge 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 access to credit.

Let T be a binary variable indicating whether each unit received the treatment or not (credit access), where T = 1 for treated (credit unconstrained) and T = 0 for untreated (credit constrained). the average value of ginger yield for units that received treatment, was calculated using Equation (9):

[image: Mathematical equation: \( Y_1 = \frac{\sum_{i=1}^{n} \hat{Y_i}^* 1(T_i=1)}{N_1} \), labeled as equation nine.]

Where [image: A capital letter N with a subscript 1 in a serif font, often used to denote a specific item or variable in mathematical or scientific contexts.] is the number of treated units, [image: It seems there was an error in uploading the image. Please try uploading the image again or provide a URL. If you like, you can also add a caption for additional context.] is the ginger yield for unit [image: It seems there was an issue with displaying the image. Please try uploading the image again or providing a URL.], and [image: Mathematical expression displaying the numeral one followed by open parenthesis, italicized uppercase T subscript i minus one, and close parenthesis.] is an indicator function that equals 1 if [image: Mathematical expression showing "T sub i equals one".] (unit is treated) and 0 otherwise.

The average ginger yield for untreated [image: Caret symbol above the yen symbol with a subscript zero.], that is, the average value of the ginger yield for units that did not receive treatment, was calculated using Equation (10):

[image: Mathematical formula showing Y subscript 0 equals the sum from i equals one to n of Y subscript i asterisk indicator function of T subscript i equals zero, divided by N subscript 0. The equation is labeled as equation ten.]

Where [image: The image shows the mathematical notation "N" with a subscript "0".] is the number of untreated units, [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.] is the ginger yield for unit [image: It seems there was an issue with the image upload. Please try uploading the image again, and ensure it is in a compatible file format such as JPEG, PNG, or GIF. Let me know if you need further assistance!], and [image: Mathematical expression showing \(1(T_i - 0)\), where \(T_i\) is a variable.] is an indicator function that equals 1 if [image: Mathematical expression showing "T subscript i equals zero."] (unit is untreated) and 0 otherwise.

The average treatment effect (ATE) was computed by taking the difference between the average yield for the treated group and the average yield for the untreated group, as shown in Equation (11):

[image: ATE formula: \(\hat{Y}_1 - \hat{Y}_0\), with equation number (11).]

The ATE represents the average change in ginger yield due to the treatment. If the treatment had a positive effect, the ATE would be positive, indicating an increase in the ginger yield. Conversely, if the treatment had a negative effect, the ATE would be negative.




4 Results and discussion


4.1 Demographic and socioeconomic characteristics of the sampled households

The demographic and socioeconomic characteristics of the sampled households, such as age, sex, marital status, education level, family size, farm size, total livestock holding, experience, number of extension services, information access, off-farm activity, distance to credit source, and cooperative membership, were included in the analysis as control variables (Table 2). The mean age of the sampled household head was about 47 years. The mean adult equivalent of the sampled household was 4, which is less than the national mean of 4.6 (UN-DESA, 2017). This may be due to migration, which is increasingly perceived as the only way out of poverty in the study area.



TABLE 2 Households’ demographic and socioeconomic characteristics by constraint category.
[image: Table displaying mean values of various variables by credit constraint category. Categories are "All", "Credit constrained", "Credit unconstrained", with a T-test column. Variables include yield, sex of household head, age, marital status, education, family size, farm size, distance, livestock owned, experience, extension contract, cooperative membership, off-farm activity, and information access. Statistical significance is noted at 1 percent, 5 percent, and 10 percent probability levels. Data source: Author's field survey, 2022.]

The average land devoted to ginger farming was about 1.1 hectares, and the average yield was 127.12 quintals. The mean livestock holding was found to be 4.92. The data showed that approximately 60% of farmers were not members of any cooperative organizations.



4.2 Sources of credit and reason for credit constraints

Of the 343 farmers surveyed, 277 (80.76%) had applied for credit for ginger production in the last 12 months and 66 (19.24%) had not applied for a credit. The main reasons why farmers did not apply for credit (Figure 3) included 79 (23.03%) of farmers saying they did not want to take on debt, 18 (5.25%) of potential loan applicants fearing rejection or a risky hire, and 48 (13.99%) saying they did not need credit because they had sufficient funds. Ultimately, 35 (10.2%) were rejected, 152 (44.31%) felt the potential credit was too expensive (high interest rate), and 11 (3.21%) were of the opinion that they did not have sufficient credit collateral.

[image: Bar chart showing main reasons for not taking loans. Highest reasons: "Did not like to be indebted" and "High interest rate." Other reasons include "Lack of collateral," "Loan rejected," "Sufficient funds," and "Fearing rejection/risk attitudes." Frequency ranges from zero to five hundred.]

FIGURE 3
 Reasons for not taking loan. Source: Author’s field survey, 2022.


As the survey output showed, approximately 58.6% of credit came from informal sources and 41.4% from formal sources. Among the 343 farmers, 66 (19.24%) did not request for credit. From those requested credit, 142 (41.4%) received financing from microfinance institutions and 90 (26.4%) from friends and neighbors. Approximately 26 (7.58%) borrowed from wealthy farmers for their agricultural activities, while 19 (5.54%) received credit from money lenders (Figure 4).

[image: Bar chart titled "Sources of agricultural credit" showing frequency of five categories. "Micro finance" has the highest frequency, followed by "Friends and neighbor." "Did not request for credit" and "Wealthy farmers" have moderate frequencies, while "Money lenders" is lowest.]

FIGURE 4
 Sources of agricultural credit. Source: Author’s field survey, 2022.




4.3 Determinants of credit constraints

The first stage of the econometric model, utilizing the endogenous switching regression (ESR) approach, focused on estimating the factors influencing credit constraints among households, is shown in Table 3. As expected, 2 of the 13 variables introduced into the model, namely, total livestock ownership and marital status, had a negative association with credit constraints, while the farm size, distance to credit source, and information access had a positive association.



TABLE 3 Probit model outputs of credit constraint.
[image: Table displaying variables related to credit constraints with coefficients and standard errors. Key variables include sex, age, marital status, farm size, and informational access. Coefficients are statistically significant at 1% (***), 5% (**), and 10% (*) levels. Data is sourced from the author's field survey in 2022.]

Total livestock ownership (TLU) emerged as a significant negative predictor of credit constraints, indicating that households with higher TLU were less likely to face credit limitations. This finding resonates with the research by Chapoto and Aboagye (2017), who found that livestock ownership serves as a valuable asset that can be leveraged for credit access in rural agricultural contexts. The presence of livestock provides collateral for loans, thereby reducing the risk perceived by lenders and enhancing creditworthiness.

Marital status also demonstrated a negative association with credit constraints, suggesting that households headed by married individuals were less likely to experience credit limitations. This aligns with the findings of a study by Johnson (2021), which highlighted the role of household structure in accessing credit. This may be due to married couples often benefit from shared financial resources and joint decision-making, which may enhance their ability to secure credit.

Conversely, factors such as farm size, distance to credit sources, and informational access were positively correlated with credit constraints. Large farm sizes were found to increase the likelihood of facing credit constraints, consistent with the findings of the research by Brown et al. (2020), suggesting that larger farms may require greater financial resources for investment and operational expenses, leading to heightened credit needs and potential constraints in accessing credit. The estimated coefficient of the distance to credit source variable was positive and statistically significant at the 1% level. This implies that the farther away farmers are from potential lenders, the more likely they are to not apply for credit. The result is consistent with the study by Mukasa et al. (2017), who found a negative association between the distance to potential lenders and the likelihood of obtaining credit.

Similarly, limited access to credit sources and information was found to exacerbate credit constraints among households, aligning with the conclusions drawn by Raghunathan et al. (2023), who highlighted the significance of access to information in facilitating credit access and fostering economic growth.



4.4 Impact of credit constraints on ginger yield and its average treatment effects

The full information maximum likelihood (FIML) estimations of the second stage ESR for ginger yield are presented in Table 4. It presents the determinants of ginger yield for two types of farmers (with and without credit constraints). The likelihood ratio test was statistically significant at the 1% level, showing the interdependence of the three models and indicating that they should not be separately estimated. Furthermore, the Wald test significance value confirmed the joint significance of the error correlation coefficients in both equations, thereby providing further evidence of endogeneity.



TABLE 4 ESR estimates for the impact of credit constraint on ginger yield.
[image: Table displaying results from a FIML endogenous switching regression analyzing ginger yield. Two columns, "Credit-constrained" and "Unconstrained," list coefficients and standard errors for variables such as sex, age, marital status, and more. Significant coefficients are marked with asterisks indicating significance levels. The table includes constants, observation count, log likelihood, and test statistics. Source: Author's field survey, 2022.]

In the credit constraint and yield equations, the error correlation coefficients were positive and negative values for credit-constrained and credit-unconstrained farmers, respectively, and were significant at the 1% level only for those with access to the full amount of credit. This implies that those with access to the requested full amount of credit will have above-average yields compared to their counterparts. The insignificance of the covariance estimates for credit-constrained households indicates that when credit is not used for ginger production, there is no difference in ginger yield between credit-constrained and random households caused by unobservable factors.

Regarding family size, the analysis reveals a significant positive relationship with ginger yield for both credit-constrained and unconstrained farmers. Specifically, the coefficients suggest that larger family sizes are associated with higher yields, with statistical significance at the 1% level for credit-constrained farmers and at the 5% level for unconstrained farmers. This implies that family members may help as labor or financially. This finding aligns with recent empirical works of literature, such as the study by Jiang et al. (2022), which revealed that family labor influences agricultural productivity in large farmer households in central China. This underscores the need for tailored policy interventions. However, this finding contrasts with research by Atakli and Agbenyo (2020), who suggest that family size influences agricultural productivity. Larger households may face difficulties accessing equipment, potentially affecting productivity.

Farm size exhibits a negative effect on ginger yield for both credit-constrained and unconstrained farmers, with the impact being more pronounced for the latter group. The coefficients suggest that as farm size increases, ginger yield decreases, with a stronger negative effect observed among unconstrained farmers. This result is consistent with the empirical evidence by Ali et al. (2014) but is dissimilar to Rada and Fuglie (2019) and Sheng and Chancellor (2019). However, the findings in empirical research, such as Atakli and Agbenyo (2020) and Sanchez (2021), underscore the complexity of the relationship between farm size and productivity and suggest that policy interventions should prioritize fostering and improving markets rather than relying solely on farm size as an indicator of productivity.

Household marital status was estimated to have a positive impact on ginger yield among unconstrained farmers. This positive relationship was consistent with the empirical findings of EEA and ESSP of IFPRI (2019), suggesting that promoting marriage and family stability could have positive implications for society’s welfare. Recent studies, such as the research by Doss and Quisumbing (2020), have highlighted the importance of household dynamics in agricultural productivity. Married individuals often benefit from shared labor and resources within the household, leading to more efficient farming practices. This finding underscores the significance of considering familial structures in agricultural policies and interventions to enhance yield. The gender of the household head was estimated to have a negative and significant association with ginger yield. Households headed by a man had, on average, lower yields per hectare than households headed by a woman. Recent research, such as Ali et al. (2014) and Abdisa et al. (2024), have highlighted the disparities between male-headed and female-headed households in agricultural productivity.

The significant positive coefficient for TLU among credit-constrained farmers suggests that livestock ownership positively impacts ginger yield for this group. Recent research, such as a study by Otieno et al. (2021), has emphasized the multifaceted benefits of livestock integration in smallholder farming systems. Livestock provide not only additional income but also valuable organic fertilizer, which enhances soil fertility and crop yields. Similarly, the significant positive coefficient for cooperative membership indicates its beneficial impact on ginger yield among credit-constrained farmers. Research by Abebaw and Haile (2013) and Markelova et al. (2009) support this, emphasizing cooperatives’ role in providing resources, technical assistance, and market opportunities, thereby enhancing productivity. Overall, cooperative participation is vital for improving agricultural productivity, especially for credit-constrained farmers, but effective governance and supportive policies are essential for maximizing their potential.

The estimated average treatment effect (ATT), which describes the impact of credit constraints on ginger yield, is shown in Table 5.



TABLE 5 Impact of credit constraint on ginger yield.
[image: Table showing the mean outcome for ginger yield. Credit-unconstrained yield is 5.58, credit-constrained yield is 4.77. The Average Treatment Effect on the Treated (ATT) is 0.81, marked as statistically significant at a 10% probability level. The T-value is 1.93. Data source: Author's computation, 2022.]

The mean outcome was estimated using ESRM, where the outcome equations are in the form of logarithms. Therefore, the prediction was logarithmic. The results showed that the lack of credit constraints had a positive and significant impact on ginger yield. The average treatment effect (ATT) was positive and varied statistically between 0 and 10% (Table 5). This result implies that farmers without credit constraints have higher yields than farmers with constraints. The ATT value of 0.81 indicates that, on average, ginger farmers without credit constraints achieve higher yields compared to those facing credit constraints.




5 Conclusion and policy implications

This study evaluated and provided further empirical evidence on the determinants of credit constraints and their impact on ginger yields of smallholder farmers in southern and central Ethiopia. The survey findings highlight a substantial reliance on informal sources for agricultural credit, with formal sources contributing a smaller share. Microfinance institutions emerge as the primary formal source, followed by borrowing from friends and neighbors. The findings from this study reveal that credit constraints have a significant impact on ginger yield in Ethiopia. This was influenced mainly by farmland production capacity, family size, and social inclusion. Furthermore, self-sufficiency, high loan rejection by banks, and low credit risk among farmers primarily account for not accessing credit, and the primary determinants of credit constraints are farmer’s proximity to credit, livestock holding, access to credit information, and marital status.

Based on the research findings, agricultural policies should prioritize targeted interventions addressing determinants of credit constraints. Initiatives promoting cooperative membership and improving access to credit sources are crucial for enhancing ginger yield. Moreover, fostering livestock ownership and cooperative participation among credit-constrained farmers can alleviate credit limitations and boost productivity. Policymakers should also focus on reducing distance to credit sources and enhancing access to information to mitigate credit constraints effectively. Policymakers, agricultural extension services, and financial institutions can leverage these insights to formulate effective strategies for supporting smallholder ginger farmers in southern and central Ethiopia.

While this study provides valuable insights into credit constraints and their impact on ginger yields among smallholder farmers in southern and central Ethiopia, it is crucial to recognize certain limitations. The study’s limitations include its narrow focus on the Southern and Central regions of Ethiopia, limiting the broader applicability of findings to diverse geographical and cultural contexts, the reliance on survey data introduces potential biases, and the cross-sectional design limits causal inference between credit constraints and ginger yields. Additionally, the study lacks details on the specific terms of the loans and information on the size of the loans obtained by farmers, which could further inform the nuanced relationship between credit access and agricultural outcomes. Future research endeavors employing longitudinal data and incorporating detailed loan-related parameters can offer a more comprehensive understanding of the evolving relationships.

Despite these limitations, the findings offer a foundational understanding of credit constraints in smallholder ginger farming, informing future policy strategies to support farmers in similar contexts. Employing robust methodologies enriches academic understanding and guides interventions.
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Purpose: The present study aims to identify the crucial determinants of the adoption of zero-tillage (ZT) technology in maize production in peninsular India. The study also measures the impact of ZT adoption on maize yield, income generation, and the expenses associated with different agricultural operations.
Methodology: The study used multi-stage stratified random sampling and conducted a face-to-face questionnaire survey to collect primary data from 1,189 maize farmers. Initially, the study employed probit regression analysis to identify the ZT adoption determinants. Subsequently, using the Propensity Score Matching (PSM) approach, the study measures the impact of ZT adoption over conventional tillage in terms of yield, income, and cost management. Finally, the Endogenous Switch Regression (ESR) method was implemented to mitigate unobserved heterogeneity and sample selection bias. Additionally, ESR assessed the robustness of PSM results.
Findings: The probit model identifies that variables like education, institutional credit adoption, crop insurance, visit of extension agent, landholding size, and prior experience of new technology adoption positively influence ZT adoption. The PSM and ESR approach results suggest that ZT adoption positively impacts farmers’ yield and net income while reducing cultivation costs and labor use. Results show that ZT adoption decreases the cost of land preparation, weed, pest management, and harvesting by INR 2708 acre−1, INR 167 acre−1, and INR 649 acre−1, respectively, thereby decreasing the overall cultivation cost by INR 8376 acre−1. However, seed and seed treatment costs and irrigation costs improve by INR 108 acre−1 and 176 acre−1 due to the adoption of ZT in maize cultivation. Moreover, ZT improves maize yield by 2.53 quintal acre−1 and minimises 9.56 person-days acre−1. ESR results suggest that the net return from maize cultivation is 26.1% higher for ZT adopters than conventional farmers. Additionally, ZT adopters can save 8.23 man-days acre−1, providing additional monetary benefits of INR 3259 acre−1 compared to ZT non-adopters.
Practical implications: The study findings may support policymakers in designing suitable agricultural policies to improve technology adoption and motivate small and marginal maize farmers for sustainable production.

Keywords
 conservation tillage; impact assessment; economic analysis; propensity score matching (PSM) approach; endogenous switch regression; peninsular India


1 Introduction

Maize is a versatile agricultural commodity cultivated across diverse agroecological regions in both rabi and kharif seasons to ensure food and nutritional security in India. India ranks fourth in total maize cultivation globally, with a recorded 22.26 million tons of production on 8.71 million hectares of arable land (GOI, 2015). Maize is predominantly used for animal feed (63%), followed by human food (23%), and industrial purposes (Yadav et al., 2014). During the preceding decade (2003–04 to 2012–13), maize cultivation grew by 1.8%, and yields increased by 4.9%, indicating an annual increase in productivity of 2.6% in India (GOI, 2015). Andhra Pradesh is one of the major states in India for maize cultivation. In 2020–21, 0.3 million hectares of the state were under maize cultivation and produced 1.8 million tonnes of maize, i.e., 6.09% of the country’s total production (GOI, 2021). Previously, maize was assessed as a potential substitute for rice under a conventional rice-wheat cropping system (Parihar et al., 2018). However, its economic viability is compromised by its comparatively lower yield and higher production cost.

Furthermore, traditional maize cultivation practices involve deep tillage to prepare seed beds, resulting in soil degradation, organic matter loss, and less water retention. Therefore, conventional maize production technologies are less water-efficient (Parihar et al., 2016; Das et al., 2018; Sayed et al., 2020), less cost-effective (Jat et al., 2014), and deteriorate soil health (Jat et al., 2013) when compared with minimum or zero tillage (ZT) practices. Additionally, studies have reported that ZT practices increase water and crop productivity while decreasing cultivation costs in rice-maize cropping systems. Reducing production expenses and eliminating detrimental environmental effects in maize production is imperative.

There are several alternatives to traditional agricultural practices aimed at mitigating the environmental footprints. Among those, soil tillage should be prioritized to improve soil health and agricultural sustainability (FAO, 2017).

Agriculture relies heavily on tillage, the most energy-intensive process (Sun et al., 2022). Reducing tillage, such as ZT,1 has environmental benefits, such as mitigating CO2 emissions, improving soil structure, and enhancing carbon sequestration (Sharma et al., 2011; Sefeedpari et al., 2012; Lal, 2019). However, there is a severe apprehension that ZT systems may also reduce crop yield due to soil compaction, difficult weed control, and stratification of organic matters (Pittelkow et al., 2015; Peixoto et al., 2020), making farmers reluctant to adopt ZT systems (Księżak et al., 2018). Zero tillage often increases soil bulk density in the top soil layer (10–20 cm), hindering crop growth by reducing air-filled pore space (Šíp et al., 2013). Arvidsson et al. (2014) and Brennan et al. (2014) also reported that reduced or no tillage had no significant effect on grain yield during the first three years, which decreased in subsequent years. Furthermore, there are contrasting findings like reduced tillage may promote the proliferation of soil-borne pathogens due to residue accumulations while sequestering carbon, enhancing soil organic matter and nitrogen cycling processes, thereby contributing to climate change mitigation and improving crop yield (Dang et al., 2018; Blanco-Canqui and Wortmann, 2020; Guo et al., 2021; Wang et al., 2021). When majority of research focusses on crop developmental aspects and benefits to the soil environment, very few delve deep into the aspects favouring or discouraging the adoption of conventional and conservation tillage practices (Hobbs et al., 2008). We also observed that the reports measuring the impact of adopting conservation tillage (i.e., zero tillage) over conventional tillage in dry farming are very scanty. There is a need to evaluate yield with the associated costs under different farm operations and net income generated for different farmer groups with varying socio-economic profiles.

Although, zero/minimum tillage offers numerous benefits, like decreased fuel expenses, diversified micro-biota, enhanced soil macro-porosity, and improved water retention (Bottinelli et al., 2017; Mitchell et al., 2017; Sultan et al., 2017; Choudhary et al., 2018; Das et al., 2018; Zhao et al., 2019), it comes with some associated costs (like herbicides, irrigation) which has direct consequences on net income of small and marginal farmers. On the other hand, conventional tilling causes soil erosion and nutrient loss, which impairs the natural resource base. Zero tillage practices decrease soil evaporation due to stubble retention (Lampurlanés et al., 2016). Improved net photosynthesis rate and transient water use leading to a more balanced relationship among yield and yield components in winter crops like maize make them a strong candidate for ZT interventions (Wang et al., 2020). Despite having several environmental, ecological, and economic benefits, ZT’s adoption in India’s winter maize production is scarce, which is not a good sign for any agricultural economy. There might be different socio-economic and demographic characteristics restricting farmers from adopting ZT in the winter season. However, we could not find any significant study identifying the critical determinants in the adoption of ZT maize in the dryland ecosystem. Also, the available information from various research (see Table 1) frequently appears to be conflicting, resulting in challenges when attempting to derive meaningful interpretations.



TABLE 1 Impact of ZT practice on productivity of different crops.
[image: A table lists studies on zero-tillage effects, showing author(s), crop, yield response, and findings. Yield responses vary: improved, reduced, or insignificant change, depending on the crop. Notable findings include improvements in maize and wheat yields with economic benefits, while soybeans see reduced yields. Zero-tillage enhances soil health and moisture retention, though results vary with each crop and system, impacting profitability and soil erosion differently.]

To fulfill the research gaps mentioned above, this research aims to identify the constraints restricting farmers from adopting no-tillage interventions in maize production in the dryland ecosystem of peninsular India. Further, the study aims to measure the impact of ZT on the yield of winter maize and the effect on the costs incurred by different farm operations. As most of the past literature compared the impact of conventional and zero tillage based on experimental environments, our study uses household-level primary data to measure the impact of ZT adoption on maize farmers’ yield, cost of cultivation, income, and labor resource utilization.



2 Conceptual framework

We have divided the study into two stages based on the research objectives. In the first stage, based on past literature surveys and focused group discussions followed by standard statistical measures, we identify the various socio-economic and demographic variables that may play critical roles in farmers’ ZT adoption decisions. Finally, 17 independent variables were considered for further analysis. The study uses probit regression analysis and identifies the determinants that positively and negatively influence farmers’ adoption decisions. In the second stage, the study measures the impact of ZT adoption based on PSM (Stage 2A) and ESR (Stage 2B) approaches. In the PSM method, we consider two groups. Those households that adopted ZT for the last three years are categorised as a ‘treated group.’ Farmers from the same village who had an opportunity to adopt ZT but did not opt for it are categorised under the ‘control group.’ This study also employs the ESR model in stage 2B to overcome the econometric problems associated with the PSM model and check the PSM outcomes’ robustness. Under this model, we compare the expected outcomes of those farmers adopting the ZT with those who do not adopt the ZT. Similarly, two hypothetical groups are created to investigate the counterfactual case (see Figure 1).

[image: Flowchart illustrating three stages of Zero Tillage (ZT) adoption analysis. Stage 1 focuses on determinants of ZT adoption using probit regression, highlighting socioeconomic and demographic variables. Stage 2A involves the impact of ZT adoption with propensity score matching, comparing treated and control groups. Stage 2B assesses impact and robustness using the endogenous switch regression approach, involving treatement and control groups with counterfactuals. Key impact assessment factors are yield, cost of cultivation, net return, and labor resources.]

FIGURE 1
 Conceptual framework of the study.




3 Methodology


3.1 Estimation strategy

This study has considered a fundamental relationship to examine the impact of ZT adoption on the cost associated with various operations, the overall cost of cultivation, yield, net income, and labor use. We assume that such outcomes are a linear function of the vector of explanatory variables ([image: Lowercase letter "x" with subscript "i".]) and the ZT adoption dummy variable ([image: The image shows the mathematical notation \( C_i \), where "C" is a variable and the subscript "i" indicates an index or element in a sequence.]). Thus, the linear regression equation can be expressed as:

[image: Equation displaying \( y^*_i = X^*_i + \delta C_i + \tau_i \) labeled as equation (1).]

Where [image: Mathematical expression showing "y" with subscript "i" and a superscript asterisk.] is the mean outcome (i.e., operation-wise cost, overall cost of cultivation, net return, yield, and labor use), and [image: A mathematical notation of the letter "C" with a subscript "i," typically used to denote a component or element in a series or set.] is a dummy variable (0 or 1) used for ZT adoption; [image: The image shows a mathematical notation with the letter "C" followed by a subscript "i".] = 1 if the ZT is adopted and [image: A mathematical expression depicting the letter "C" with a subscript "i".] = 0, otherwise. The vector [image: Mathematical notation displaying the letter "X" with a subscript "i".] expresses the farm-level socio-economic and environmental characteristics of the farm household. Based on these attributes, farm households decide whether to adopt ZT for maize production. Thus, the ZT adoption decision is a farmer’s selection rather than random assignment. The index function used to evaluate the adoption of ZT by a farmer can be represented as:

[image: Equation featuring \( C_i^* = X_i^* \dot{\delta} + \varepsilon_i \), labeled as equation 2.]

Where Ci∗ is a latent variable that articulates the difference between the advantages gained from adopting ZT ([image: Mathematical notation showing a curve above the lowercase letter "i" and uppercase letter "A".]) and the advantage gained from not adopting the ZT ([image: Mathematical notation depicting the symbol for an intersection, where the index \(i\) belongs to the set \(N\).]), the household should adopt ZT if [image: \( C_i^* \) is a mathematical expression, where \( C \) is a variable or constant, \( i \) is a subscript, and the asterisk denotes a special condition or value, such as an optimal or conjugate state.] = [image: A mathematical notation showing an incomplete circle or arc followed by the letters "iA" in lowercase and uppercase.]-[image: Mathematical notation depicting a capital lambda with a subscript "i N," often used to denote specific mathematical or statistical concepts such as intersections in set theory.]> 0. Using farm-level and household characteristics ([image: A mathematical expression showing the variable \( X \) with a subscript \( i \).]) as explanatory variables, the term [image: Mathematical expression showing "X sub i star delta hat."] estimates the difference between the advantages obtained from adopting ZT. Here, [image: Greek letter epsilon with subscript i, often used in mathematical or scientific contexts to denote a specific element or component of a sequence or set.] expresses as the error term. From Equations 1, 2, it is evident that perhaps the relationship between ZT adoption and outcome (i.e., yield, cost of cultivation, the net return, and labor use) is interdependent. Therefore, ZT adoption may help in yield, cost of cultivation, the net return, and labor use. Conversely, farmers with better yield, income, and less labor use may be better disposed toward adopting ZT. Hence, the treatment assignment is not random, with a group of adopters being systematically different. Also, the chance of selection bias increases as the unobservable factors influence error terms of both the outcome equation ([image: Mathematical notation showing tau subscript i, typically used to denote a variable or parameter in mathematical equations or formulas.]) and the ZT adoption equation ([image: Mathematical symbol epsilon subscript i, representing a sequence or series element used in mathematical or statistical equations.]). Consequently, the evaluation of the outcome equation (Equation 1) with ordinary least squares (OLS) guides toward a bias estimation.

The authors employed the Heckman two-step selection method and instrumental variable approach (IV) to overcome the above-mentioned problem. However, limitations are also present in both these approaches, like (i) the Heckman approach based on the restrictive assumption of normally distributed errors, (ii) the difficulty in identifying an instrumental variable for the IV approach, and (iii) both IV and Heckman method impose a linear functional form assumption which means that the coefficient of independent variables is same for ZT adopters and non-adopters. Using the PSM approach, one can easily overcome the limitations of the discussed parametric methods. The PSM method does not require any assumption about the functional form to specify the associations between the outcome and the anticipators of the outcome.


3.1.1 The matching method

The impact of ZT adoption on different outcome variables is identified with the estimation of the average treatment effect ([image: Symbol of a circle with a diagonal line through it and a small arrow pointing down from the bottom-right, representing a diameter notation.]). [image: Symbol featuring a circle with a diagonal line crossing through, ending with a downward-pointing arrow on the right side.] is defined through a counterfactual framework by Rosenbaum and Rubin (1983). According to this framework, [image: Interlocked "A" and "D" letters within a circle, resembling the Ø symbol.] is defined as:

[image: Mathematical equation labeled as equation three: Δ sub i equals ψ sub i superscript A minus ψ sub i superscript N.]

Where [image: Mathematical expression featuring a Yen currency symbol with subscript "i" and superscript "A".] represents the outcome of household [image: Image with the letter "i" in italic font style.] that adopted the ZT maize; farmers without ZT are labelled as [image: Currency symbol for the yen with subscript i and superscript N.]. When we estimate the impact of ZT adoption with the help of Equation 3, the biases occur either from [image: Mathematical equation showing the yen currency symbol with subscript i and superscript A.] or [image: Yen currency symbol with subscript 'i' and superscript 'N'.], as both are observed from an individual farmer but not from the same farmer. Hence, this observation can be expressed as Equation 4:

[image: Mathematical equation labeled as equation four. Y subscript i equals B subscript i Y superscript A subscript i plus open parenthesis one minus B subscript i close parenthesis Y superscript N subscript i. Condition B subscript i equals zero or one.]

If [image: Please upload the image you would like me to create alternate text for.] is the probability of identifying a farmer with [image: The formula shows \( B_i = 1 \).] (ZT adopted), the average treatment effect can be explained as:

[image: Mathematical equation showing the expression for a variable ∇. The formula is: ∇ = P[H(¥A | Bi=1) - H(¥N | Bi=1)] + (1-P)[H(¥A | Bi=0) - H(¥N | Bi=0)].]

The impact of ZT adoption identified with Equation 5 explains that the entire sample is the weighted average of the effect of ZT adoption on the ZT acceptors (treated) and non-ZT acceptors (control), and their relative frequencies weigh each of them. However, a major problem associated with this estimation is the unobserved counterfactuals, like [image: Mathematical expression showing conditional entropy: H(¥_A | B_i = 0).] (i.e., non-adopters had they decided to adopt) and [image: Mathematical expression showing entropy, \( H(\mathbb{Y}_N \mid B_i = 1) \), where \( H \) represents entropy, \( \mathbb{Y}_N \) is a variable, and the condition \( B_i = 1 \) is specified.] (i.e., adopters had they decided not to adopt) which are not considered in the estimation.

The unobserved counterfactual situation leads to missing data problems. The PSM method can address this problem as it abridges each farmer’s pre-treatment attributes into a single index variable and then calculates the propensity score (PS) to match a similar individual (Rosenbaum and Rubin, 1983). The PS can be calculated as Equation 6:

[image: Equation showing \( \rho(X) = Pr[B_i = 1 \mid X] = H[B_i \mid X] \);, representing a relationship between a probability function and a conditional entropy.]

[image: Mathematical equation showing rho of X equals F of h of X subscript i, enclosed in curly brackets, followed by a reference to equation number six.]

Where [image: The letter "X" is presented in a serif font against a white background.] is the vector of pre-treatment attributes and [image: Mathematical expression showing the letter F followed by empty curly braces and a centered dot.] is the cumulative logistic distribution. After estimating the PS, the average treatment effect on treated (ATT) can be computed as Equation 7:

[image: The formula displays the Average Treatment Effect on the Treated (ATT) as \( ATT = H(\Psi_{i}^{A} - \Psi_{i}^{N} \mid B_{i} = 1) \), representing a hypothetical impact estimation method.]

[image: Mathematical equation representing ATT equals H of H of Y subscript i superscript A minus Y subscript i superscript N given B subscript i equals one, and rho of X.]

[image: Equation for ATT displaying conditional expectation: ATT = H(subscript B[i]=1){H(super A)Ψ(A) | ρ(X)} - H(Ψ(N) | B[i]=0, ρ(X)) | B[i]=1. Reference number (7) appears to the right.]

This study uses three matching approaches to determine the treatment effect (ZT adoption) on treated (yield, cost of cultivation, net return, and labor use). Along with the nearest neighbor (NN) and radius matching approach, a non-parametric kernel-based approach is also used. In the NN matching approach, matching between treated subjects and an untreated subject whose PS is nearest to the treated one. However, if multiple untreated subjects consist of a score closest to the treated subject, any one of the untreated subjects is selected randomly. Five nearest-neighbor matching is introduced in this study so that all five untreated subjects having a PS nearest to the treated one can be incorporated to minimise the bias (Austin, 2011). In such an approach, the treated subject always matched the nearest untreated ones, although their PS differ widely. Therefore, there is always a chance of poor matching in some cases. Thus, computing the treatment effect using such a matching approach can be erroneous (Caliendo and Kopeinig, 2008). The study also incorporates a radius matching (RM) approach to retrieve the risk associated with NN matching. In such a matching approach, treated subjects are matched only with untreated subjects whose PS falls within the predefined radius—the smaller the radius, the better the matching quality (Becker and Ichino, 2002). Finally, the kernel matching (KM) method (non-parametric) somehow differs from these approaches. Here, the entire sample of untreated is used to match the means of treating one (Heckman et al., 1997).



3.1.2 Endogenous switching regression

This study has also employed the endogenous switching regression (ESR) model to overcome the sample selection bias (Heckman et al., 1997), endogeneity (Hausman, 1978), and missing data problem (unobserved counterfactual situation) associated with PSM. Using the ESR model, in addition to the PSM approach, not only helps to overcome the above-mentioned econometric problems but also checks the robustness of the PSM outcomes.

The selection equation for ZT adoption under the model can be specified as follows:

[image: Equation showing \( B_i^* = \beta X_i + \vartheta_i \) and \( B_i = \begin{cases} 1 & \text{if } B_i^* > 1 \\ 0 & \text{Otherwise} \end{cases} \), labeled as equation (8).]

Where [image: Stylized mathematical notation: A capital letter B with a subscript lowercase letter i, followed by a superscript asterisk.] represents a latent variable for ZT adoption, Bi is the observable counterpart ([image: The image shows the mathematical notation "B" with a subscript "i", commonly used to denote a variable or element in a sequence or set.] = 1; if the farmer adopts ZT for maize cultivation and 0 otherwise), [image: Mathematical notation depicting a variable \(X\) with a subscript \(i\).] is non-stochastic observed independent variables that specify both farm and non-farm characteristics, which in turn determine the ZT adoption decision of the farm household. [image: Stylized lowercase letter "g" with a subscript "i" in italics.] is the random disturbance involved in the adoption of ZT.

The study employs the model on outcomes where the farmer faces two regimes: (i) to adopt ZT and (ii) not to adopt ZT to overcome the selection bias. These two regimes can be specified as follows:

[image: Mathematical equation labeled as Regime 1, depicting "Yi superscript A equals γ subscript L times Li superscript A plus ϵ subscript 1i," followed by the condition "if Bi equals 1" and equation number 9(a).]

[image: Equation labeled (9b) under "Regime 2" specifies \(Y_i^N = \gamma_2 L_i^N + \epsilon_{2i}\) if \(B_i = 0\).]

Where [image: The image shows a mathematical expression representing the variable \( Y_i \) in italicized font.] denotes the overall cost of cultivation, yield, net income, and labor use for regimes 1 and 2. [image: It seems like you've included a mathematical notation instead of an image. If you have an image to upload, please do so, and I can help generate the alternate text for it.] stands for the vector of independent (exogenous) variables influencing the outcome variables.

The error term associated with Equations 8, 9a, 9b is assumed to have a trivariate normal distribution with zero means. The non-singular covariate matrix is represented as Equation 10:

[image: Covariance matrix for variables epsilon sub one i, epsilon sub two i, and theta sub i, is a three-by-three matrix. Elements: sigma squared epsilon sub two, sigma epsilon two theta; sigma squared epsilon sub one, sigma epsilon one theta; sigma squared theta.]

Where [image: The mathematical expression displays the variance, denoted by sigma squared, with a subscript "g".], [image: A mathematical expression showing the Greek letter sigma squared over the numeral one.], and [image: Mathematical notation of lowercase sigma squared over epsilon two.] are the variance of error terms associated with the selection equation (Equation 8), outcome equation of regime 1 (Equation 9a), and the outcome equation of regime 2 (Equation 9b), while [image: Mathematical notation showing a sigma (σ) symbol with a subscript less than or equal to nineteen.] and [image: Mathematical expression showing the Greek letter sigma with a subscript indicating it belongs to the set 2 to 9.] are designated as the covariance of [image: The image shows a mathematical expression featuring the element of symbol (∈) followed by a subscript "li," and a comma.] and [image: Mathematical expression showing the symbol for element of, followed by the subscript 2i.], respectively. As the selection equation’s (Equation 8) error term ([image: Stylized lowercase letter 'g' followed by a subscript 'i', typically used to represent a mathematical or scientific variable.]) is correlated with the outcome equations’ (Equations 9a, 9b) error term ([image: Mathematical notation showing an element of a set, represented by the symbol "∈" followed by a subscript "l" and subscript "i".] and [image: Symbol denoting set membership with a subscript: epsilon to the power of two i.]), the anticipated measures of [image: Mathematical notation showing the symbol "∈" next to subscript "1" and subscript "i".] and [image: Mathematical expression displaying the symbol "epsilon" followed by the subscript "2i".] conditional on the sample selection is non-zero. Therefore, complete information maximum likelihood (FIML) effectively estimates the ESR model (Lokshin and Sajaia, 2004). The FIML method utilizes both the selection and regression equation to generate consistent standard errors. With the application of trivariate normal distribution in place of the error term, we can write the likelihood logarithmic function for Equations 8, 9a, 9b as Equation 11:

[image: Equation showing the logarithm of \( M_i \) as a summation from \( i = 1 \) to \( N \) of terms involving \( B_i \) and \( (1 - B_i) \). Each term includes logarithmic expressions with parameters \( \epsilon_{1i} \), \( \sigma_{\epsilon 1} \), \( \varphi_{1i} \), \( \epsilon_{2i} \), and \( \sigma_{\epsilon 2} \). The expression includes nested logarithms and weighted logarithmic functions, representing a probabilistic model.]

Where, [image: Mathematical formula showing phi sub ji equal to the fraction with the numerator beta X sub i plus alpha sub j times epsilon sub ji over sigma sub j, and the denominator is the square root of one minus alpha sub j squared.], [image: Please upload the image you would like me to generate alt text for.]= 1,2 with [image: Greek letter sigma with a subscript j.] represents the coefficient for the correlation between the error term of the selection equation ([image: Mathematical notation showing a lowercase "g" with a subscript "i".]) and the error term associated with Equations 9a, 9b. The parameters related to the FIML-based ESR model can be identified using the “movestay” command in STATA.

Thus, it can be written as Equations 12, 13:

[image: Equation displaying \( H[\epsilon_{1i} \mid B_i = 1] = \sigma_{\epsilon_1 0} \frac{\theta(\beta X_i)}{\omega(\beta X_i)} = \sigma_{\epsilon_1 0} \pi_{1i} \), labeled as equation (12).]

[image: Equation: \( H[\epsilon_{2i} | B_i = 0] = \sigma_{\epsilon_2 9} \frac{\theta(\beta X_i)}{1-\omega(\beta X_i)} = \sigma_{\epsilon_2 9} \pi_{2i} \). Equation number 13 placed on the right.]

Where [image: Greek letter theta followed by parentheses with a dot inside.] and [image: Greek lowercase letter omega followed by parentheses.] are the functions of normal probability and cumulative density, respectively. So, we can represent [image: Mathematical notation showing an expression with a not equal sign next to a subscript '1i'.] and [image: A mathematical expression showing the inequality symbol (\(\neq\)) followed by a subscripted number "2" with a variable "i".] as Equations 14, 15:

[image: Mathematical formula showing π subscript 1i equals theta of beta X subscript i divided by omega of beta X subscript i, labeled equation fourteen.]

[image: Equation showing π sub 2 i equals negative theta of beta X sub i divided by one minus omega of beta X sub i, labeled as equation 15.]

Using the ESR framework, we can compare the expected outcomes of those farmers accepting the ZT with those who did not adopt the ZT. Similarly, two hypothetical groups were created to investigate the counterfactual case. Nevertheless, the farmers who adopted ZT in the first year chose not to continue the practice in succeeding years. Another group is represented by farmers who have not adopted ZT but have decided to adopt it.

These four conditions can be represented as:

Adopters with adoption:

[image: Mathematical equation: \( H\left(\Upsilon_{i}^{A} \mid B_{i} = 1\right) = \gamma_{1} L_{i}^{A} + \sigma_{\epsilon} \pi_{i} (16a) \).]

Non-adopters without adoption:

[image: Equation labeled as 16b. It represents a mathematical expression: \( H\left(\mathbf{Y}_{i}^{N} \middle| B_{i} = 0\right) = \gamma_{2} L_{i}^{N} + \sigma_{\epsilon_{2}} g \pi_{2i} \).]

Adopters had they decided not to adopt (Counterfactual):

[image: Mathematical equation: \( H\left( \Upsilon_i^N \vert B_i = 1 \right) = \gamma_1 L_i^N + \sigma_{\varepsilon_{29}} \pi_{1i} \). There is a reference labeled (16c).]

Non-adopters had they decided to adopt (Counterfactual):

[image: Mathematical equation: \( H\left( \mathbf{Y}_i^A | B_i = 0 \right) = \gamma_2 L_i^{A} + \sigma_{\epsilon_1 g}\pi_2 i \). Equation number (16d) is referenced.]

Now, we can measure the treatment effect (adopt ZT) on the treated (TT) as the difference between Equations 16a, 16c.

[image: Mathematical equation showing the difference of entropies: \(H(\mathbb{Y}_i^A | B_i = 1) - H(\mathbb{Y}_i^N | B_i = 1)\).]

[image: Mathematical expression: equals open parenthesis gamma sub one L superscript A sub i plus sigma sub epsilon sub one L sub nine pi sub i close parenthesis minus open parenthesis gamma sub one L superscript N sub i plus sigma sub epsilon sub two nine pi sub i close parenthesis.]

[image: Equation labeled 17 showing a mathematical expression: gamma sub i (L sub i superscript A minus L sub i superscript N) plus pi sub i (sigma sub e one nine minus sigma sub e two nine).]

Equation 17 represents the impact of ZT adoption on the overall cost of cultivation, yield, net income, and labor use for those farmers that indeed adopted ZT. Similarly, the difference between the outcomes for farmers who had not opted for the ZT (Equation 16b) with its counterfactual (Non-adopters had they decided to adopt; Equation 16c) is computed as treatment effect on untreated (TU).

[image: Mathematical expression illustrating the difference in entropy: \( H(\boldsymbol{\Upsilon}_{i}^{N} \mid B_{i} = 0) - H(\boldsymbol{\Upsilon}_{i}^{A} \mid B_{i} = 0) \).]

[image: Equation showing a mathematical expression: the difference between two terms. The first term is in parentheses: gamma sub two, L sub i to the power of N, plus sigma epsilon sub two, nine pi, z, i. The second term is also in parentheses: gamma sub two, L sub i to the power of A, plus sigma epsilon sub one, nine pi, z, i.]

[image: Mathematical equation: gamma sub two times the difference between L sub i superscript N and L sub i superscript A, plus pi sub two i times the difference between sigma sub epsilon two nine and sigma sub epsilon one nine. Equation number eighteen.]

According to the concept of Carter and Milon (2005), we define the base heterogeneity for this study. For the group of farmers that adopt ZT, the base heterogeneity for this group can be specified as the difference between Equations 19.

[image: Mathematical expression depicting the difference between two conditional entropy terms: H of Y sub i superscript A given B sub i equals one, minus H of Y sub i superscript A given B sub i equals zero.]

[image: Equation depicting a difference between two expressions: \((\gamma_1 L_i^A + \sigma_{\epsilon l g} \pi_{1i}) - (\gamma_2 L_i^A + \sigma_{\epsilon l g} \pi_{2i})\).]

[image: Mathematical expression showing \( L^A_i (\gamma_1 - \gamma_2) + \sigma_{\in \Theta} (\pi_{1i} - \pi_{2i}) \) with the equation number labeled as 19.]

Similarly, for those groups of farmers who had decided not to adopt ZT, the base heterogeneity effect can be calculated as a difference between Equations 20.

[image: The image shows a mathematical expression: \( H( \mathbf{Y}_i^N | B_i = 1 ) - H( \mathbf{Y}_i^N | B_i = 0 ) \).]

[image: Mathematical equation showing: equals left parenthesis gamma sub one L sub i superscript N plus sigma sub epsilon two nine pi sub one i right parenthesis minus left parenthesis gamma sub two L sub i superscript N plus sigma sub epsilon two nine pi sub two i right parenthesis.]

[image: Mathematical equation showing \( L^{N}_{i} ( \gamma_{1} - \gamma_{2} ) + \sigma_{\varepsilon \in \Theta} ( \pi_{1i} - \pi_{2i} ) \) with the equation numbered as 20.]

Finally, the “transitional heterogeneity” (TH) is identified simply by calculating the difference between Equations 17, 18.




3.2 Study area and sample size

India cultivated maize on 9.9 million hectares and produced 31.51 million tonnes in 2020–21. Among the non-traditional maize states in India, Andhra Pradesh (AP) stands second in terms of area under maize cultivation (0.3 million ha) and production (1.78 million tonnes). The state’s agro-climatic conditions suit maize cultivation during the kharif and rabi seasons. However, farmers mainly produce paddy (rainfed) in the kharif season and choose dryland maize farming in rabi as the crop requires less irrigation than paddy. Maize production in AP accounts for 78.61% of the total production of coarse grains. A state-wise detailed analysis shows that more than 65% of the cost is incurred as variable costs in AP. A major chunk of this cost utilized labor and machinery costs during tillage (Jat et al., 2014). Hence, we found this state most suitable as our study area. In AP, out of 81 districts, Srikakulam district stands 3rd in Maize production (0.26 million tonnes in 2019–20), and more than 80% of the farmers are involved in ZT maize production during Rabi season. Like in other districts, most farmers keep a portion of the produce for their consumption and sell it in the domestic market. Hence, we purposively select this district for a face-to-face questionnaire survey (Figure 2).

[image: Map of India highlighting a specific region in the southeastern part, with a zoomed-in view of that region on the right. The region is shown in orange, with labeled areas such as Brahmapur, Srikakulam, and Parvathipuram.]

FIGURE 2
 Study area for questionnaire survey.


According to Census (2011), the district’s farmers number was 2,266,411. Out of the total, the number of farmers who owned land and were directly involved in agriculture was 145,576. We employed Bartlett et al. (2002) sample size calculation formula to calculate an adequate sample size for the study:

[image: Formula for sample size calculation: n equals Z squared times p times q divided by d squared, all over one plus one divided by N times bracket Z squared times p times q divided by d squared minus one bracket, with equation number 21.]

Where N = Size of the population (2,266,411), n = size of the sample population; Z = confidence interval at 95% (Z = 1.96); d = error at 5% (d = 0.05); p = proportion of target population (p = 0.5); and q = 1−p (q = 0.5). We found that 384 household data were sufficient for this study. However, we surveyed 1,189 households from 20 blocks of Srikakulam district. From these 20 blocks, we selected only those villages for the questionnaire survey where ZT maize cultivation training was provided, and some farmers have already adopted the technique and have been producing maize using the technique for the last three years. Such criteria confirm that it is farmers’ choice whether to adopt ZT in maize cultivation, and it is crucial to overcome the selection bias and present the counterfactuals. Of the 1,189 households, 801 farmers adopted the ZT method, while 388 farmers followed the conventional tillage for maize cultivation.




4 Results and discussion


4.1 Descriptive statistics

The study uses 17 independent variables and 11 dependent variables for analysis (see Appendix 1). Table 2 shows the descriptive statistics and mean difference test for adopting and non-adopting farmers of the ZT technology. The result illustrates that the adopters and non-adopters significantly differ in cost associated with seed and seed treatment, land preparation, fertiliser application, weed management, pest management, harvest, and irrigation. Moreover, farmers adopting the ZT maize achieve 1.47 quintal acre−1 more yield, INR7047 acre−1 net return, and INR3939 acre−1 less cost of cultivation than farmers without ZT adoption. This implies that the benefits are not limited to input cost cutting. The farmers can reap more direct returns in the form of improved crop yield. Adopting ZT maize also saves 9.71 man-days more than conventional maize growers. Descriptive statistics also specify that ZT adopters differ significantly in socio-economic and demographic attributes. The descriptive outcomes indicate that farmers following ZT in maize cultivation have a higher education level, membership in farmers’ organisations, farm size (acre), institutional credit, crop insurance, prior experience in mechanisation, and risk-taking attitude than conventional maize farmers. We also report that farmers who are relatively aged, have a higher household size, and reside relatively far from the marketplace prefer conventional practices, which might be due to their low risk-taking ability.



TABLE 2 Difference in characteristics of ZT adopters and non-adopters.
[image: Table comparing variables of Zero Tillage (ZT) maize adopters and non-adopters. Columns include mean and standard error (SE) for both groups, with a mean difference test. Key variables are costs (e.g., seed, land preparation), yield, net returns, age, education, and more. Differences in costs, yield, and returns are statistically significant. Some demographics, like age and education, also show significant differences. Source noted as authors' calculations based on survey data.]



4.2 Determinants of zero-tillage adoption

The probit model ascertains the factors that influence farmers’ ZT adoption. We estimate the Variance Inflation Factor (VIF) as a statistical measure to assess the presence of multicollinearity among the independent variables. According to Appendix 2, the VIF for the independent variables is below the specified threshold of 5. This suggests that the predictors exhibit no significant correlation with each other.

The limitations of ZT technology adoption are determined using a standard probit model. Table 3 shows a statistically significant inverse correlation between age and ZT maize adoption. A one-year increase in the mean age of the population is likely to decrease the chance of ZT maize adoption by 3.8%, which is in line with the findings of Ali et al. (2014). The probit analysis supports our assertion, which is drawn from the results of descriptive statistics, that younger farmers are likelier to adopt ZT technology than their elder counterparts. A potential rationale for this phenomenon could be that younger farms exhibit greater enthusiasm for adopting innovative technologies. In comparison, relatively aged farmers tend to adhere to conventional maize cultivation techniques and are reluctant to bear the risk of adopting novel technological advancements beyond their comfort zone (Marenya and Barrett, 2007; Läpple and Van Rensburg, 2011). However, our results are contrary to those of Sodjinou et al. (2015), who reported that the age of farmers positively affects their adoption of novel farming techniques.



TABLE 3 Determinants of ZT adoption: a probit analysis.
[image: Table displaying variables with corresponding coefficients, standard errors, p-values, and marginal effects. Notable variables: Age (Coefficient: -0.113, SE: 0.012, p-value: 0.001), Institutional loan (Coefficient: 0.508, SE: 0.161, p-value: 0.002), Prior experience (Coefficient: 0.671, SE: 0.117, p-value: 0.001). Data derived from authors' calculations using survey data.]

Nevertheless, the impact of education on the acceptability of sustainable technology like ZT is of great importance, as demonstrated by a positive and statistically significant relationship between farmers’ educational levels and the adoption of ZT technology. A one-year increase in education year in the sample means an improvement in the probability of ZT adoption by 1.4%. This can be referred to the fact that farmers are inclined to adopt new technologies when they understand the new technology. At the same time, farmers who have received more formal education may exhibit an enhanced ability to comprehend the information disseminated by agricultural experts and extension agents and make informed decisions about new technologies (Ruzzante and Bilton, 2021). Also, farmers with a formal education better predict the potential ramifications of emerging technologies on both agricultural yield and financial profitability. Consequently, there is a favourable correlation between the educational level of the household head and their inclination to embrace innovative and sustainable methods in farming, such as ZT in maize farming. This observation aligns with the results reported by Duraisamy (2002), Idrisa et al. (2012), and Huffman (2001). According to Adeoti (2008) and Nonvide (2021), farmers with higher levels of education tend to have enhanced capabilities in adapting to new challenges and effectively utilising emerging technology.

The coefficient associated with membership in farmers’ organisations demonstrates a positive and statistically significant correlation with adopting ZT technology. This result aligns with the findings of Tura et al. (2010). Conley and Udry (2001, 2010) have provided evidence to support the notion that extension services and farmers’ groups are effective channels for disseminating information among agricultural producers and improving the chance of technology adoption. The results obtained in this study are consistent with the findings published in previous studies conducted by Abdulai et al. (2011), Allagbe and Biaou (2013), Barry (2016), and Seye et al. (2016). Membership in farmers’ organisations also brings economies of scale in cultivation and marketing (Trebbin and Hassler, 2012), minimises the cost of commercialisation, and improves production efficiency (Francesconi and Heerink, 2011; Bernard and Taffesse, 2012; Fischer and Qaim, 2014). It also enables the farmers to cope with the alteration in the global value chain and prevailing market inadequacies (Meinzen-Dick et al., 2004). Group/organisation membership serves as an indicator of social capital. Social networks enable producers to exchange information and participate in peer-to-peer learning. Social organisations served as an informal form of insurance during times of crisis. If members of the group support adopting any new technology, a positive attitude toward adoption is generated in farmers’ minds, which in turn helps in technology adoption. This may be why farmers with group membership are more inclined toward ZT adoption.

The results show that household size negatively affects the adoption of ZT maize. With a 1% increase in the average household size of the population, the probability of adopting the ZT maize decreases by 2.4%. This finding is consistent with the outcome reported by Dey and Singh (2023). Household size is a proxy for labor availability (Feder et al., 1985). If the household size is large, more family labor is available, and households choose labor-intensive technologies. Conventional maize production is a labor-intensive process. It requires additional labor, particularly for land preparation, weeding, and harvest. Therefore, farm families with larger household sizes choose conventional maize farming.

Meanwhile, relatively small families tend to adopt those technologies that minimise labor requirements. ZT does not require land preparation and stubble removal from the field. The sowing process is also machine-driven. Hence, the ZT technique is a less labor-dependent process. Therefore, households with fewer members tend to adopt this technology.

The study indicates a positive association between access to institutional financing and the likelihood of adopting agricultural technologies. The likelihood of ZT adoption increases by 17.1%, with the increase of institutional credit adoption by 1%. This finding is similar to the results by Tura et al. (2010) and Idrisa et al. (2012). Farmers who have obtained institutional loans are more inclined to employ agricultural technologies. Mdemu et al. (2016) and Nonvide et al. (2018) have identified a notable constraint in the use of technology due to a lack of access to formal financial services. The mentioned studies reported that financial resources could facilitate the acquisition of agricultural inputs and the implementation of innovative technologies in agriculture. The study identifies that farmers need to purchase the double-wheel marker to adopt ZT in maize production. Small and marginal farmers with limited resources find it difficult to invest money in mechanisation. However, if farmers receive financial support from formal institutions, they invest the money to purchase the required machines. This may be why farmers with access to formal credit are more inclined to adopt ZT.

The findings in Table 3 show a positive correlation between landholding size and the adoption of ZT. This implies that farmers who own larger farm sizes are more inclined to adopt ZT practices. The study findings exhibit a resemblance to Houeninvo et al. (2020), Tura et al. (2010), Ali et al. (2018), Abay et al. (2018), and Mwangi and Kariuki (2015). Furthermore, smallholder farmers may believe that using new technology may decrease their average yield, hindering their ability to attain food security and anticipated income. In contrast, relatively large landholders assign their land under the purview of both initiatives, i.e., ZT and conventional. Given the substantial scale of their farm, they possess a sense of assurance that in the event of a fall in yield resulting from using ZT, they can effectively offset any potential income losses and guarantee food security by implementing conventional maize.

A significant and positive association exists between the extension agent and ZT adoption. A 1% increase in the interaction with the extension agent improves the adoption of ZT maize by 8.3%. Extension service can be regarded as a viable alternative to formal education in promoting adopting certain practices (Feder et al., 1985; Nkamleu and Adesina, 2000). This service is found to be most effective in areas with high levels of education. Farmers learn more about the new technology by interacting with the extension agent. We observed that farmers can clear their doubts about the technology by face-to-face interaction with the extension agents. Trusted information from extension agents regarding higher production with less cultivation cost further inspires the farmers to adopt ZT in maize cultivation.

Farmers have various options available to mitigate agricultural risks. Our results indicate that adopting a specific risk management tool is always conducive to further including supplementary risk management techniques (Velandia et al., 2009). Furthermore, our findings suggest crop insurance favours adopting other risk management strategies, such as ZT, for maize production. We observed that farmers who choose to use ZT instead of conventional maize production also believe that if reduced crop output results from their lack of proficiency in implementing this new technique, crop insurance will be an extra safeguard against potential losses.

Successfully adopting new technologies in the past inspires and boosts faith in adopting smart technologies in the future (Mwombe et al., 2014). Perhaps this may be why farmers who have bought and used new technology in the past also adopt ZT maize farming. Results show that a 1% increase in the prior experience in adopting any new technology improves the chance of ZT adoption by 22.5%. Similarly, farmers who do not want to take risks follow conventional farming. However, a 1% increase in farmers’ risk-taking capacity improves the adoption of ZT maize by 12.7%.



4.3 Average impact of ZT adoption on the cost of cultivation, the net return, yield, and human resource utilization

Table 4 shows the average impact of ZT adoption on maize farmers’ cost of cultivation (at various stages of operations), yield, net income, and human resource utilization. The results further support our descriptive analysis that ZT adoption significantly decreases the cost of cultivation and improves maize yield and net income from maize production. ZT adopters are likely to achieve INR 8376 acre−1 more (average based on the matching algorithms) and save 9.5 man-days acre−1 than conventional farmers. Likewise, the yield of ZT farmers is 2.52 quintal ha−1 higher than conventional farmers. A detailed analysis of the operation-wise cost of cultivation shows that in ZT maize farming, land preparation cost, weed and pest management cost, and harvest cost are lower by INR 2708 acre−1, INR 167 acre−1, and INR 649 acre−1, respectively, than conventional farming. Nevertheless, seed and seed treatment costs and irrigation costs are higher by INR 108 acre−1 and INR 176 acre−1 for ZT adopters than non-adopters.



TABLE 4 Impact of ZT adoption on cost incurred in various farm practices, maize productivity, income, and human resource use.
[image: A table comparing agricultural costs and returns across three methods: NNM, KM, and RM. It includes variables like seed costs, land preparation, fertilizer, weed and pest management, harvesting, irrigation, labor, yield, cost of cultivation, and net return. Each section lists values for average treatment effect (ATT), standard error (SE), level of hidden bias, and numbers of treated and controls. Significance is indicated at five percent and one percent levels.]

The outcomes shown in Table 4 are contingent upon the assumption of conditional independence and confounding. We infer from the results that when an unobserved independent variable has the potential to impact both ZT adoption and outcome variables, there is a possibility of unobserved heterogeneity arising, which might potentially modify the importance of the impact (Rosenbaum and Rubin, 1983; Becker and Caliendo, 2007). However, determining the extent of hidden bias in nonexperimental studies poses challenges due to the absence of a suitable assessment instrument. We assessed the degree to which unobserved exogenous factors impact the significance of the estimate by employing the Rosenbaum-bounds-sensitivity calculation (DiPrete and Gangl, 2004; Caliendo and Kopeinig, 2008).

Our results indicate that each ATT value is linked to a corresponding critical level of hidden bias. This number represents a significant gamma level at which one might justify the causal inference of ZT adoption. An illustration of this may be seen in the gamma value range of 2.75–2.80 for net return (in radius matching). This range suggests that if farmers possess identical baseline variables, their likelihood of ZT adoption may increase by 175–180%. However, the extent to which ZT adoption positively affects net income from maize production may be subject to scrutiny. This implies that the magnitude of the concealed bias must be sufficiently high enough to impact the results. Additionally, the study acknowledges that most exogenous factors are treated as baseline covariates that influence the treatment and dependent variables.



4.4 ESR outcomes

Unobservable variables may introduce bias into the findings identified with the PSM technique. Therefore, this study has utilized the FILM-based ESR model to address the reliability and inherent biases associated with the PSM model. Table 5 displays the average treatment effect of ZT adoption based on the ESR method for a set of dependent variables, i.e., seed and seed treatment cost, land preparation cost, fertiliser cost, irrigation cost, disease and pest management cost, cost of cultivation, yield, the net return, and farm labor required under both actual and counterfactual scenarios.



TABLE 5 ESR-based treatment effects of ZT adoption.
[image: Table showing outcome variables for ZT maize adopting and non-adopting farmers, including costs, yield, and net return. Data is segmented by decision stage, with ATEs noted. Significant effects are indicated with asterisks, and heterogeneous effects are listed for each variable.]

Results show that both the PSM and the ESR methods yield comparable results in evaluating the effects of ZT adoption on various outcomes. The direction and difference between ATT and ATU are statistically significant for all those variables, where ATT associated with the outcome variable in PSM are also significant. The average improvement in seed and seed treatment costs for ZT adopters is INR 52 acre−1. Results show that seed and seed treatment costs are INR 2889 acre−1 for conventional farmers while INR 2996 acre−1 for ZT adopters. In the counterfactual scenario, if the ZT adopters decide not to continue ZT adoption, their seed and seed treatment costs will decrease by INR52 acre−1. The study identifies that seed rate does not differ significantly among the ZT adopters and non-adopters, which repudiates the myth that ZT requires less seed. However, ZT adopters mostly used pre-treated seed, which may be costlier than non-treated seed used by conventional farmers. The land preparation cost is 56% less for ZT adopters (INR 2122 acre−1) than non-adopters (INR 4831 acre−1). Also, the finding illustrates that if the conventional maize farmers (non-adopters) adopt the ZT practice in the future, they can save INR 2482 acre−1 for land preparation.

Similarly, ZT adopters can save 8.9 and 6.8% of the weed and pest management cost compared to conventional maize farmers. Considering the counterfactual scenarios, the study identifies that if the ZT non-adopters become ZT adopters, they can save INR 116 acre−1 and INR 115 acre−1 for weed and pest management, respectively. The harvesting cost is 11.9% less for ZT adopters (INR 4485 acre−1) than non-adopters (INR 5091 acre−1). Also, the finding illustrates that if the conventional maize farmers (non-adopters) adopt the ZT practice in the future, they can save INR 512 acre−1 under harvesting. Unlike harvest cost, irrigation cost is relatively higher for ZT adopters (INR 1300 acre−1) than conventional farmers (INR 1225 acre−1). Under the counterfactual scenario, if ZT adopters become non-adopters in the future, they can save 2.7% on the irrigation cost. However, the ZT adopters (27.56 quintal acre−1) achieve a 9.32% additional yield compared to non-ZT adopters (25.21 quintal acre−1). Outcomes also indicate that if conventional farmers adopt ZT practice, they can gain an additional yield of 1.37 quintal acre−1. Estimating the cost of cultivation suggests that it is INR 3462 acre−1 less for ZT adopters than conventional maize growers. If ZT adopters discontinue following ZT practice, their cost of cultivation will increase by INR 2891 acre−1. Similarly, the net return from maize cultivation is 26.1% higher for ZT adopters than conventional farmers. Considering counterfactual scenarios, our study revealed that conventional farmers must adopt ZT practice, which may significantly improve their net income from maize cultivation by 18.9%. The study implies that ZT adoption is beneficial in improving farmers’ net return in many ways. For instance, labor use can be significantly saved in ZT practice. Furthermore, if we monetise the gains, zero tillage can significantly improve the livelihood of maize farmers.




5 Conclusion

Concerns regarding the sustainability of agricultural resource utilization have increased significantly. From this perspective, conservation tillage technologies and practices have emerged as a substitute for conventional tillage. However, adopting conservation tillage (i.e., zero tillage) practices in peninsular India is still limited. Therefore, this study aims to identify the critical determinants of the widespread adoption of ZT technology in maize production. The study also measures the impact of ZT adoption on maize yield, income, cost of cultivation, and labor utilization. Using the probit regression analysis, the study identifies that education, institutional credit adoption, crop insurance, visit of extension agent, landholding size, and prior experience of new technology adoption positively influence ZT adoption. The impact assessment findings indicate that adopting ZT reduced the cost associated with land preparation, weed and pest management, and harvesting by INR 2708 acre−1, INR 167 acre−1, and INR 649 acre−1, respectively.

Consequently, this results in a drop in the overall cultivation cost by INR 8376 acre−1. Implementing ZT in maize production improves seed and seed treatment costs and irrigation expenses by INR 108 acre−1 and 176 acre−1, respectively. In addition, ZT enhances maize productivity by 2.53 quintal acre−1 and reduces person-days per acre by 9.56. The ESR findings indicate that ZT adopters achieve a net return from maize farming that is 26.1% greater than conventional farmers. Furthermore, adopters of ZT have the potential to conserve 8.23 man-days acre−1 than non-adopters of ZT practice.

ZT maize cultivation is not only a soil management and restoration technique; the current study also indicates that it improves maize yield and farmers’ income. Hence, promoting such conservation tillage supports the National Mission for Sustainable Agriculture and the National Food Security Mission. However, state and central governments must strengthen their extension services in rural areas to engage a wider farming community under ZT maize production. Government-regulated extension services providers like the Agricultural Technology Managing Agency, Krishi Vigyan Kendras, Agriculture Clinics and Agriculture Business Centres, and Kisan Call Centres must motivate smallholders to adopt ZT. Also, governments need to strengthen smallholders’ institutional credit linkage by effectively implementing the KCC scheme, Agricultural Debt Waiver and Debt Relief Scheme, and Interest Subvention schemes so that farmers can get low-interest loans and support the mechanisation in agriculture. Krishi Mela can be promoted where farmers can meet with other farmers, bank officials, extension agents, service agencies, and institutions to gather information about ZT. Moreover, in collaboration with private sectors and NGOs, central and state governments may initiate learning through capacity development approaches like demonstration plots, cross visits, study tours, and Farmers Field School to improve smallholders’ capacities to adopt ZT.

The research was conducted in a representative region of peninsular India, specifically Andhra Pradesh. The study could be replicated in other agro-climatic zones to assess the superiority of ZT over conventional tillage in Maize cultivation. The scope of this study is limited to the economic advantages associated with adopting ZT. Forthcoming research may centre on environmental consequences and soil properties with far-reaching societal advantages.
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Footnotes

1   Zero-till or no-till refers to a method of farming that involves minimizing soil disturbance as a substitute for conventional cultivation techniques like plowing or discing. These conventional methods include breaking up the soil and cultivating it to create a suitable seedbed. In the absence of conventional farming methods, seeds are planted in a narrow groove carved into the ground, resulting in minimal disruption to the soil. While no-till seeders are often utilized, there is a growing availability of small-scale no-till seeders that may be operated with either animal traction or small tractors. In Sub-Saharan Africa, no-till planting can be accomplished by creating a hole for each seed, such as maize, using a ‘dibble stick.’
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Introduction: China is the largest producer, consumer, and trader of grain. Changes in China’s agricultural policies will affect global food trade and thus impact food security. In this paper, we use China’s maize subsidy system reform (MSSR) as a quasi-natural experiment to investigate the impact of market-oriented reforms in price support policy on the productivity of grain.
Methods: We use official Chinese government panel data on farm households and a PSM-DID model to overcome the endogeneity problem of policy change.
Results and discussion: The empirical results show that MSSR can increase maize productivity. The MSSR is divided into two phases: eliminating the maize purchase price and implementing maize producer subsidies. The policy effect of eliminating the purchase price exceeds the implementation of producer subsidies. Further analysis reveals that for farmers with a larger scale of cultivation, higher level of specialization, and higher degree of part-time employment, the MSSR enhances their productivity more significantly. In the high quartile, the MSSR reduces farmers’ productivity. In the low quartile, the MSSR raises farmers’ productivity, suggesting that the MSSR reduces the productivity differences among farmers. The results of our study suggest that market-based reform of price subsidies is an effective institutional arrangement to mitigate resource mismatch and increase food productivity, and point to the need to continue to improve the MSSR, explore diversified maize producer subsidy policies, and take into account the impact of other subsidies on farmers’ maize production behavior.
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1 Introduction

Increasing grain productivity is essential for promoting sustainable agricultural development and reducing rural poverty (Ma et al., 2018; Zheng et al., 2021). However, in developing countries like China, grain productivity improvement has historically been challenged by various factors, such as pests and diseases, poor management, and extreme weather (Kumar et al., 2018; Zhang et al., 2020; Blekking et al., 2021; Sebhatu et al., 2021). In China, like other developing countries such as Nigeria, Ghana, India, and Pakistan, governments often intervene in production through agricultural subsidy policies to help improve farm performance (Jayne and Rashid, 2013; Shahzad et al., 2021; Baig et al., 2023). Agricultural subsidy policies usually include two types, namely direct agricultural subsidies based on inputs or land or outputs and agricultural price support policies (e.g., minimum prices and government procurement). Among these agricultural subsidy policies, agricultural price support policies are the most important and are usually implemented in developing or developed countries (Lin and Huang, 2021). Governments incentivize grain production by intervening in the grain market to guarantee food security in the country.

Since 2004, China has implemented grain purchase policies to increase farmers’ incentives to grow grain. Among them, the maize purchase policy implemented in 2008 is the core initiative of China’s grain price support policy (Gale, 2013; Hejazi and Marchant, 2017). Implementing the policy not only guaranteed the income of maize farmers but also induced farmers’ incentives to grow grain to a large extent (Liu and He, 2018; Li and Lin, 2022; Zheng et al., 2023). However, implementing this purchase policy has distorted the operation of the maize market and led to distorted resource allocation (Li et al., 2020; Ye et al., 2023a). Recent studies have shown that the relative inefficiency of agriculture in poor countries may be due to distortions in resource allocation resulting from low marketization (Lagakos and Waugh, 2013; Adamopoulos and Restuccia, 2014; Chari et al., 2021; Adamopoulos et al., 2022). Therefore, the Chinese government piloted MSSR in four northeastern provinces (Inner Mongolia, Jilin, Liaoning, and Heilongjiang) in 2016, which provided a quasi-natural experiment for our study. The policy objectives of MSSR are to adjust the cropping structure, optimize resource allocation, and increase maize productivity.

Theoretically, MSSR will promote resource allocation efficiency and improve grain cultivation structure, thus increasing farmers’ maize productivity. However, in reality, the actual policy effects are not yet known, limited by the degree of farmers’ understanding of and response to the policy and the efficiency of the policy implementation by each local government. Therefore, this paper empirically analyzes the impact, heterogeneity, and mechanism of MSSR on maize productivity using micro-data from fixed observation sites in rural areas across China’s Ministry of Agriculture Development. Our findings can provide new insights for optimizing MSSR and empirical lessons for market-oriented reforms of grain price support policies in developing countries.

There is extensive literature on the relationship between agricultural subsidy policies and productivity, but the findings are mixed. Scholars have come up with two different opinions. First, agricultural subsidies can reduce the productivity of farm households. Agricultural subsidies may reduce agricultural productivity by reducing farmers’ attitudes toward risk and affecting their motivation for agricultural production (Martin and Page, 1983; Serra et al., 2008). It has also been shown that the negative impact of subsidies on productivity may be due to the loss of allocative and technical efficiency due to distortions in the structure of production and the use of agricultural factors of production (Leibenstein, 1966; Alston and James, 2002; Rizov et al., 2013). Secondly, agricultural subsidies can increase the productivity of farm households. Subsidies can help farmers overcome financial constraints to increase investment or adopt more advanced technologies to improve their production capacity, thus promoting agricultural productivity (Zhu and Lansink, 2010; Yi et al., 2015). It has also been argued that the increase in agricultural productivity from subsidies only occurs in areas with imperfect market development. For example, in the case of imperfect insurance markets, subsidies may reduce risk and trigger farmers to invest in certain activities that are excessively risky when agricultural productivity increases as subsidies increase (Roche and McQuinn, 2004; Garrone et al., 2019).

Therefore, the overall objective of this paper is to analyze the impact of market-oriented reforms of price support policies on the total factor productivity of grain by using China’s MSSR as a pilot. At least two reasons justify an empirical study of this topic in China. First, given China’s large population, any change in agricultural policy could profoundly influence international grain trade and global food security. China’s newly implemented agricultural subsidy policy reforms may affect grain productivity and thus impact global food security. Second, China is a typical developing country exploring the reform of its agricultural support policies. Taking China’s agricultural subsidy policy reform practice as an example, it can provide experience for improving agricultural support policies in developing countries.

We contribute to the literature in the following three ways. First, we employ a unique micro panel dataset for empirical analysis. As far as we know, this is the first time we have used official Chinese government farm household research data to analyze the effects of the MSSR. This analysis is essential because the goal of MSSR in China is to promote sustainable grain development and food security. The productivity is a good indicator of the policy objective. Second, we adopt the PSM-DID model to overcome the endogeneity problem of policy reform, which can get more accurate parameter estimates. In this paper, based on the pilot character of MSSR, we use a combination of PSM and DID to mitigate endogeneity. Variables that do not vary over time and individually yet affect farmers’ total factor productivity in maize (e.g., factors such as light, rainfall, and temperature) can be eliminated by the DID model. PSM can be used to satisfy the parallel trend assumption through sample selection, which is an essential assumption for the validity of the DID model. Third, this paper can complement the current literature on agricultural subsidy policy reform and grain productivity. We not only study the short-term and long-term effects of MSSR but also investigate the heterogeneity of the impact of MSSR on maize productivity from four dimensions: land size, level of grain specialization, farmers’ part-time employment, and farmers’ maize productivity, and the results of the study can improve the precision of MSSR implementation.

The rest of this study is structured as follows. Section 2 provides policy background and theoretical analysis framework. Section 3 contains materials and methods. Section 4 presents the results and discussions. Section 5 includes the conclusions and policy recommendations.



2 Policy background and theoretical analysis framework


2.1 Maize production in China

China’s maize planting area has remained stable at over 600 million mu year-round, and production has been around 250 million tons year-round. These large production scales and yields give China a global leading position in the maize industry. China rivals world-renowned maize-producing regions such as the U.S. Maize Belt and the Ukrainian Maize Belt, which together constitute one of the largest maize-producing regions in the world. Maize is an important grain crop in China, which plays a vital role in guaranteeing China’s food security and serves as an essential feed source (He et al., 2020; Xin, 2022). After 2000, the sown area and total output of maize in China have risen (Figure 1). In 2000, the sown area of maize in China was only 23,056.1 thousand hectares, and by 2021, the sown area of maize in China will be 43,324.2 thousand hectares, with a growth rate of 87.91%. At the same time, China’s total maize production has risen from 106,000 kilotons in 2000 to 272,551 kilotons in 2021, a growth rate of 157.12%. It should be noted that the sown area and total production of maize began to decline after 2016 due to the MSSR in China.

[image: Line graph showing maize area sown and production from 2000 to 2021. The area sown, in thousands of hectares, gradually increases from around 25,000 to 40,000. Maize production, in thousands of tons, follows a similar upward trend, peaking significantly in 2016 and generally rising to nearly 280,000 by 2021.]

FIGURE 1
 Sown area and total maize production in China from 2000 to 2021.


Maize is mainly grown in 20 provinces in China, namely Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin, Heilongjiang, Jiangsu, Anhui, Shandong, Henan, Hubei, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Ningxia and Xinjiang. Inner Mongolia, Jilin, Liaoning, and Heilongjiang are the main maize-producing provinces with more favorable climatic conditions. These four provinces were selected by Chinese policy to pilot the reform of the maize storage system. In 2021, their planted area was 17,854.2 thousand hectares, accounting for 41.2% of the national total. Figure 2 shows the sown area and production of maize in these four provinces in 2021. Among them, Heilongjiang leads the way regarding maize sown area and total production.

[image: Bar chart comparing maize area and production in thousands of hectares and tons, respectively, across Inner Mongolia, Liaoning, Jilin, and Heilongjiang. Heilongjiang shows the highest production.]

FIGURE 2
 Maize sown area and total production in policy pilot provinces in 2021.




2.2 Policy background of MSSR

Since 2004, China has conducted a series of explorations of the grain purchase system to increase farmers’ incentives to grow grain. Among them, the maize purchase policy is the core initiative of China’s grain price support. Affected by the financial crisis of 2008, maize prices in the international market dropped significantly, and domestic maize prices also faced downward pressure. The government initiated the maize purchase policy to smooth out the fluctuation of maize prices. Implementing the policy not only protects the income of maize farmers but also mobilizes farmers’ enthusiasm to grow grain to a large extent (Gale, 2013; Hejazi and Marchant, 2017). However, this market purchase has distorted the operation of the maize market, resulting in an imbalance between maize supply and demand (Gu et al., 2018). On the one hand, domestic maize is much higher than the international market price, and the import volume of maize surges yearly. On the other hand, the competitiveness of domestic maize has declined, resulting in a large amount of maize being converted into stockpiles, and the financial burden of national grain storage has increased (Gong et al., 2021).

The Chinese government decided to abolish the maize storage system in March 2016, fully liberalize the maize market, and adopt a new form of “market-based pricing and producer subsidies.” Maize prices are determined by market supply and demand, and all market players can trade freely according to market prices, and the state subsidizes producers. The policy reform shows that the government intervention is gradually weakened, the maize price mechanism is gradually formed, and the market will play a decisive role in the allocation of resources (Han et al., 2022). Based on guaranteeing that the income of maize farmers will not be affected too much, the government gradually adjusts the maize planting structure through the market mechanism and producer subsidies, thus improving the competitiveness of maize (Ye et al., 2022). In addition, unlike other staple grains such as wheat and rice, maize is used chiefly for deep processing such as feed and alcohol. The MSSR is mainly centered on “difficulty in selling grain” and “difficulty in exporting, “the state and the pilot district governments have introduced the support policy, credit guarantee fund for purchasing loans, and the new maize. The state and pilot zone governments have successively introduced support policies for purchasing new maize, credit guarantee funds for purchase loans, and free high-speed transportation of maize to support the MSSR.



2.3 Theoretical analytical framework

The study of Adamopoulos et al. (2022) shows that low agricultural productivity in developing countries mainly comes from small planting scale, low productive investment, and inefficient allocation of agricultural resources. To further explore the impact of MSSR on farmers’ maize productivity, this paper combines the existing research to construct the analytical framework of “institutional reform–planting scale/productive investment/land allocation efficiency—maize productivity.” The analytical framework is shown in Figure 3.

[image: Flowchart depicting the effects of maize subsidy system reform leading to increased maize total factor productivity. Key factors include increased capital investment, expanded maize acreage, and optimized land allocation, which further lead to increased factor inputs, accelerated land transfer, and improved land allocation efficiency.]

FIGURE 3
 Theoretical analytical framework for the impact of MSSR on maize productivity.


First, MSSR can increase farmers’ maize productivity by expanding the planting area. The scale of operation is an essential determinant of agricultural productivity. With increasing scale, farmers can adopt more advanced technology for production, thus increasing maize productivity (Coelli et al., 2003; Giang et al., 2019). Due to the specialized character of agricultural assets, MSSR can increase farmers’ maize planting area by expanding the planting area. Asset specialization refers to the difficulty of changing the use of certain assets that are locked in for a specific purpose during the production process. If they are used for other purposes, they may become less valuable or even worthless (Klein et al., 1978). In the pre-MSSR period, farmers’ average maize yield will be reduced, and some large-scale farmers are unable to withdraw from production due to the strong specialization of the input assets, so in order to maintain the income, they can only choose the production method of “many kinds of multi-profit” to carry out production. Therefore, the MSSR can increase maize productivity by adjusting the planting scale of farmers.

Secondly, MSSR can increase farmers’ maize productivity by increasing their productive investment. Increasing productive investment in agriculture can improve agricultural production conditions and thus increase agricultural productivity (Hu et al., 2023). On the one hand, MSSR can enhance the short-term investment of farm households. After the reform, farmers’ returns consisted of maize selling prices and producer subsidies. The market determines the price of maize and presents a significant price difference according to the quality of maize. Farmers will use organic fertilizers instead of chemical fertilizers, selected seeds, and other initiatives to improve the quality of maize to obtain more income. On the other hand, MSSR can increase farmers’ long-term investment. Farmers will increase long-term investment to improve soil fertility to obtain long-term profits. In addition, maize producer subsidies can increase maize productivity through human capital accumulation. After receiving subsidies, farmers can participate in technical training to accelerate human capital accumulation, thus increasing maize productivity (Li and Lin, 2022). Therefore, MSSR can increase maize productivity by increasing the productive investment of farmers.

Thirdly, MSSR can improve farmers’ maize productivity by optimizing land resource allocation. Improved resource allocation efficiency is important to enhance agricultural productivity (Yang et al., 2022). Land transfer is an essential means to improve agricultural resource allocation. Land rent is an important influence factor on land transfer rate, and when land rent is too high, land transfer will be hindered. It can be seen that the rent of land transfer will be affected by the fluctuation of maize price, and the MSSR can directly affect the maize price and, thus, the rent of land transfer. During the implementation of the maize purchase policy, the “government purchase” makes the land rent rise, and land transfer is hindered (Liu and Qin, 2019). After the MSSR, the price of maize began to fall, and the expected income of farmers decreased. At this time, the rent of land transfer also fell sharply, and the land transfer rate increased (Xu et al., 2021). Therefore, MSSR can improve the degree of land mismatch to increase the maize productivity of farmers. In summary, we found that MSSR can increase maize productivity by expanding the area of maize cultivation, increasing productive investment in maize, and optimizing the allocation of land resources.




3 Materials and methods


3.1 Data

The data used in this paper come from the National Rural Fixed Observation Points (NRFOP) of the Ministry of Agriculture and Rural Affairs of China, which is an official micro-research data of the Chinese government (Chari et al., 2021; Ge et al., 2023). This survey began in 1986 and is China’s largest farm household-level tracking research data (Chen, 2012). This data has several advantages: its large and wide sample size and survey scope, making it highly representative. Currently, the annual sample size of the survey is about 21,000 farm households, involving 360 villages and 31 provinces (cities and districts) across China. Then, the content of the survey is rich and exhaustive. The data includes many aspects such as land, household management, inputs of production materials, household consumption, and so on. In particular, the data are very detailed on the inputs and outputs of households in the production of different crops, including specific data on the inputs and outputs of food production of farm households in each region. Moreover, the quality of the data is high. The survey team used a bookkeeping method to collect data from farmers. Since the data is tracking data, almost all interviewed farmers are familiar with the research process, which is undoubtedly significant for improving data quality.

In the existing literature, Shen and Yao (2008) explored the sampling of the data and described the initial sampling rules for the data. At the beginning of the survey initiation for the NRFOP in 1986, the researcher adopted a combination of typical and random sampling to conduct the survey. In the first step, typical sampling was adopted to determine the research villages. The province was divided into three regions based on geographic stratification: plains, hills, and mountains. The counties in the province were divided into three types of counties: high, medium, and low levels based on income stratification. The representative counties were selected as the research regions. In the second step, villages were randomly selected in the above research area to conduct farm household interviews, and 50 to 120 households were randomly selected in each village for the research. Benjamin et al. (2005) and Wang et al. (2020) compared and analyzed the fixed observation point data with the census data from the National Bureau of Statistics and found that the two data were relatively consistent regarding agricultural production, household income, etc. Adopting rural fixed observation point data for this study is more reasonable. We processed samples with entry errors, coding errors, and missing data, excluding farmers not engaged in maize production. Due to different research purposes, we selected a sample of maize farmers from 2003 to 2019 when measuring maize productivity. In analyzing the impact of MSSR on farmers’ maize productivity, we used the sample of maize growers from 2014 to 2019 because the MSSR was piloted in 2016.



3.2 Variable definitions and descriptive statistics


3.2.1 Explained variables

Farmers’ maize productivity is explained variable in this paper. We uses maize total factor productivity (MTFP) to characterize maize productivity. The advantages of adopting TFP are as follows: firstly, TFP can comprehensively consider the utilization efficiency of factors, which is a more comprehensive indicator; secondly, TFP contains technological progress, technological efficiency, allocation efficiency, etc., which can reflect the quality of the development of the maize industry. Therefore, we select TFP as an explained variable for policy evaluation.

Measuring MTFP requires setting the form of the production function. Referring to the research results of Chari et al. (2021) and Adamopoulos et al. (2022), we set the following production function for parameter estimation:

[image: Mathematical formula representing a production function: \( Y_i = A_0 K_i^{\alpha_K} L_i^{\alpha_L} M_i^{\alpha_M} \exp(\varepsilon_i) \).]

In Equation (1), [image: Mathematical notation depicting the symbol "Y" with a subscript "i".] denotes the level of maize output of farmer i. K, L, and M represent the physical capital inputs, labor inputs, and land inputs in the maize production of farmers, respectively, and the calculation of the specific inputs and outputs will be described in detail later. [image: A stylized, serif letter "K" with a bold and defined outline, appearing as if in a classic font style. The letter is closely cropped, focusing on its shape and form.], [image: It seems like the image didn't upload. Please try again by clicking the image icon and selecting the file. You can also add a caption for context if you like.], and [image: It seems like there was an issue with the image upload. Please try again by uploading the image file or providing a URL. If you have a caption or context, feel free to add that as well.] represent the elasticity coefficients of physical capital, labor, and land. We treat the left and right sides of Equation (1) in logarithmic terms and introduce village-level dummy variables to control for inter-village differences. Eventually, we obtain the following Equation (2):

[image: The equation represents a linear regression model: \(LNY_{i,t} = \alpha_K LNK_{i,t} + \alpha_L LNL_{i,t} + \alpha_M LNM_{i,t} + \varepsilon_{i,t}\), labeled as equation (2).]

We use a multidimensional fixed effects approach to mitigate the endogeneity problem in the estimation of agricultural production functions (Wang et al., 2020). First, land quality differences are an important cause of endogeneity, and we use the method of controlling for village-level fixed effects to eliminate possible land differences between different villages. Second, we use individual fixed effects for differential elimination for individual resource essentials that do not vary over time. Finally, for omitted variables that do not vary with time characteristics, we use time-fixed effects to control for them. After parameter estimation, the MTFP of farmers can be calculated using the following Equation (3):

[image: Equation labeled (3) representing a logarithmic total factor productivity model: LNTFP subscript i,t equals LNY subscript i,t minus alpha subscript K times LNK subscript i,t minus alpha subscript L times LNL subscript i,t minus alpha subscript M times LNM subscript i,t.]



3.2.2 Core explanatory variables

The core explanatory variables in this paper are the policy variables of the MSSR.The policy effect variable of MSSR consists of the interaction of the time dummy variable and the regional dummy variable of MSSR implementation, and the size of the coefficient characterizes the degree of MSSR’s impact on maize productivity.



3.2.3 Control variables

Referring to existing studies (Wu et al., 2005; Li et al., 2010; Gao et al., 2017), this paper controls for other influencing factors affecting maize productivity. They are as follows: (1) Sex of household (Gender), male is 1, female is 0; (2) Age of household (Age), expressed as the age of the head of the respondent’s household in weeks; (3) Educational level of household (Education), expressed as the number of years of education received by the head of the household; (4) Health status of household (Health), 1 to 5 are excellent, good, medium, poor, and incapable of labor, respectively; (5) Whether the household has a professional training in agriculture (Train), assigned a value of 1 when the respondent has participated in vocational training, and 0 vice versa; (6) Area of land under cultivation operated by households at the beginning of the year (Farmland), the area of cultivated land owned by the household at the beginning of the year; (7) Number of family laborers (Family labor); (8) Family’s total annual income (Income), is the sum of the household’s income in a year, which is taken as the natural logarithm in this paper; (9) Whether the family is a party member household (Party), assigned a value of 1 when the respondent’s household is a party member household, and vice versa; (10) Whether the household has access to the Internet (Internet), assigned a value of 1 when the household has access to information on the Internet, and 0 otherwise. It should be noted that this paper deflates the data for the study variables involving prices, all of which are converted to constant price values with 2014 as the base period. Table 1 shows the descriptive statistics of the main variables.



TABLE 1 Descriptive statistics of variables.
[image: Table showing variables related to household characteristics with definitions, sample size (N) of 41,841, mean, standard deviation (S.D.), minimum, and maximum values. Variables include total factor productivity of maize, policy variables, gender, age, education, health, agriculture training, farmland area (mu), family labor, income, party membership, and internet access. Mu is a Chinese unit, where one hectare equals 15 mu.]




3.3 Methods

The MSSR started in 2016 and was piloted in Liaoning, Jilin, Heilongjiang, and Inner Mongolia, which provided a quasi-natural experiment for this study. However, development economists almost universally recognize the endogeneity of policy change (Acemoglu et al., 2001). The traditional DID model presupposes a parallel trend between the experimental and control groups before the policy shock; otherwise, it would not be able to exclude the interference of other factors on the policy effect. However, the pilot of the MSSR may not be a random event, which would not satisfy the parallel trend assumption and thus lead to biased estimates of policy effects. This paper draws on the PSM-DID model proposed by Heckman et al. (1998) to study the effect of MSSR on farmers’ maize productivity.

The estimation of the PSM-DID model is divided into two stages. The first is the PSM estimation. We follow the year-by-year matching method to find the control and experimental groups. We explicitly use the Logit model to estimate the propensity score and K-nearest neighbor matching to select the matching samples. The matching model is Equation (4):

[image: Probability expression showing: \( P_r(Treat_{i} = 1 | X_{i}) = L(\alpha_0 + \alpha_i X_i) \). Equation labeled as (4).]

Where P denotes the probability that a farmer participates in the MSSR, treat denotes whether the farmer participates in the MSSR. Participation is assigned a value of 1, and non-participation is assigned a value of 0. L denotes the Logit regression model. X denotes the covariate used for PSM. After matching, 41,841 samples are obtained in this paper, including 10,737 experimental and 31,104 control group samples. The second step is DID estimation. In this paper, the following model expressed as Equation (5) is constructed to analyze the impact of MSSR on farmers’ maize productivity:

[image: Equation depicting a model: TFP subscript it equals alpha subscript 1 plus alpha subscript 2 times DID subscript it plus beta times X subscript it plus mu subscript i plus theta subscript t plus epsilon subscript it. Labeled as equation five.]

Where i represents the region and t represents the year. MTFP represents the total factor productivity of maize. DID represent the policy variables of MSSR, X represents the control variables, [image: Greek letter mu with subscript i.] and [image: Greek letter theta with a subscript "t".] represent year-fixed effects and individual fixed effects, respectively, [image: Lowercase Greek letter epsilon with subscripts "i" and "t".] represents the classical randomized disturbance term, and α and β represent the parameters to be estimated. The control variables in this paper contain two main categories: one for household head characteristics that affect maize productivity and the other for household characteristics that affect maize productivity.




4 Results and discussion


4.1 Measurement results of MTFP in China

In this paper, we use the NRFOP farm household panel data to estimate the MTFP of households. Table 2 shows the estimation results of the Cobb–Douglas production function by applying the growth accounting method. The elasticities of physical capital, land, and labor in the maize production function are 0.377, 0.496, and 0.026, respectively, which are highly consistent with the characteristics of resource endowment for maize production in China. Land is the most rare element in maize production, capital plays an equally important role, and only labor is affluent (Li et al., 2010). The sum of the three coefficients is 0.899, indicating that maize production is diminishing returns to scale, which is consistent with the findings of Chari et al. (2021).



TABLE 2 Estimation results of maize production function.
[image: Table displaying regression results. Variables include LN(capital) with a coefficient of 0.377 and a robust standard error of 0.012, LN(land) 0.496 (0.017), LN(labor) 0.026 (0.002), and a constant of 4.013 (0.063). All coefficients are significant at 1%. Individual, time, and village fixed effects are present.]

After measuring the elasticity of each input factor, we calculate the MTFP of farm households in China from 2003 to 2019 using Equation (3). This paper adopts two methods, the simple average and the median, to calculate the MTFP of farm households in all the years. The measurement results are shown in Figure 4. We can get the following several conclusions. First, MTFP as a whole shows a steady upward trend, which is consistent with the study of Lou (2022). The difference is that this paper measures MTFP from the macro level while we calculate MTFP from the micro farmer level. From the mean calculation, MTFP increased from 3.998 in 2003 to 4.281 in 2019, with a growth rate of 7.079%. Secondly, in the short term, there was a decrease in MTFP in some specific years, such as 2004, 2008, and 2017.

[image: Line graph showing MTFP mean and median from 2003 to 2019. The mean is consistently lower than the median. Both trend upwards, with fluctuations, from about 3.9 to 4.7.]

FIGURE 4
 Evolution of total factor productivity dynamics in maize from 2003 to 2019.




4.2 PSM-DID regression results

This part mainly analyzes the average treatment effect of MSSR on farmers’ maize productivity. The regression results are shown in Table 3. Model 1 represents the results without controlling any variables, Model 2 represents the results after controlling for farm household characteristics, and Model 3 represents the results after controlling for all control variables.



TABLE 3 Results of the impact of MSSR on maize productivity.
[image: A table displaying regression results for three models. Variables include DID, Gender, Age, Education, Health, Train, Farmland, Familylabor, lnIncome, Party, and Internet. Each model estimates coefficients with standard errors in parentheses. DID, Farmland, and Familylabor are consistent across models with significance at one percent and five percent levels. Education is significant at ten percent in Model 3. All models include individual, time, and village fixed effects. The intercept _cons is shown for each model. R-squared values and sample size (N) are provided.]

The results of Model 3 show that MSSR increases maize productivity by 6.0% on average. The impact of MSSR on farmers’ maize productivity may come from two aspects: first, MSSR reduces the area of maize planted in non-dominant zones, improves the degree of mismatch of resources, and thus improves maize productivity. Most of the reduction of maize in these areas was in non-dominant areas. Second, after the MSSR, maize subsidies with noticeable differences will drive the concentration of maize production to the advantageous areas, thus promoting the scale of maize production and giving play to comparative advantages (Liu and Qin, 2019; Di et al., 2023).

The effect of control variables on the maize productivity of farmers can be obtained from Model 3 in Table 3. First, Education shows a negative relationship with maize productivity, which is consistent with the findings of Gao et al. (2017). Education is an important means of human capital investment, so education can increase agricultural productivity. However, as the level of rural education increases, the probability that farm households may go out to work rises, accelerating the transfer of agricultural labor and thus reducing agricultural productivity. Second, Train significantly increases maize productivity, which is basically in line with the study of Li et al. (2010). Farmers can understand the latest national agricultural policies and regulations by participating in agricultural vocational education, learning cutting-edge agricultural production and management technology, and increasing maize productivity. Again, there is a negative relationship between Farmland and maize productivity. The studies of Gautam and Ahmed (2019), Julien et al. (2019) also showed a negative relationship between farmland size and agricultural productivity. Compared to large-scale households, smallholders have the advantage of intensive farming, and their combined utilization of land, machinery, and other factors is more efficient, resulting in higher maize productivity. At the same time, small farmers can significantly resist natural and market risks due to the diversity of planting structures and the difficulty of planting structure adjustment, thus gaining advantages. Family labor and maize productivity are negatively correlated. Chinese agriculture is in small-scale operation, and in the process of mechanization promotion, maize production often does not need much labor, so the relationship between the number of labor and maize productivity is negative. Finally, Income significantly increases maize productivity, which is consistent with the findings of Ye et al. (2023a). As Income increases, farmers will increase investment in maize, which will promote technology adoption and thus increase maize productivity. In addition, an increase in income will alleviate the financial constraints of agricultural production, thus promoting agricultural production (Yi et al., 2015).



4.3 Dynamic effects of MSSR

The empirical results above obtained the average effect of MSSR on maize productivity, but it is difficult to reveal the dynamic effect of MSSR. Given that the MSSR is divided into two phases, the first is eliminating the maize purchase price (the first year), and the second is the implementation of the maize producer subsidy (the second year and beyond). Therefore, analyzing the dynamic effects of the MSSR on farmers’ maize productivity has important policy implications. The estimation results are presented in Table 4.



TABLE 4 Dynamic impact of MSSR on maize productivity.
[image: Regression table showing the impact of variables for different years under Model 1. DID×2016 shows 0.071 with significance; DID×2017, 0.048 with significance; DID×2018, -0.002; DID×2019, 0.130 with significance. Control, individual fixed, time fixed, and village fixed effects are applied. The constant is 3.439 with significance. \( R^2 \) is 0.016 and N is 41,841. Significance is indicated at the 1% level.]

From Model 1, the coefficients for the second to fourth years of MSSR implementation are 0.048, −0.002, and 0.130, with a mean value of 0.059, smaller than the estimated parameters for the first year of MSSR implementation. By comparing the coefficients, we can infer that eliminating maize purchase price enhances maize productivity more than implementing maize producer subsidy. Market-oriented reforms will effectively promote the allocation efficiency of resources, thus significantly increasing maize productivity. Market distortions can reduce factors’ production costs and promote technological progress (Chari et al., 2021). In addition, because China has just started implementing maize producer subsidies, there are problems such as untimely subsidy methods and insufficient disbursement amounts, which can also limit the improvement of maize productivity by producer subsidies. Therefore, continuously optimizing the maize producer subsidy and giving full play to its policy effectiveness is a future reform direction for China’s price support policy.



4.4 Heterogeneity analysis

To understand in which groups the MSSR policy did not have an effect, this paper conducts a series of heterogeneity analyses. In this paper, we analyze the heterogeneity based on different land sizes, levels of specialization in maize cultivation, the degree of part-time work of farmers, and the productivity of farmers.


4.4.1 Heterogeneity of maize planting area

Considering the different results of behavioral adjustment to MSSR by farmers of different sizes, there will be significant heterogeneity in the impact of MSSR on farmers’ maize productivity. This paper divides the maize planting size into small farmers (less than 50 mu) and large-scale households (greater than or equal to 50 mu), and group regression is performed. Model 1 in Table 5 shows the regression results for the small-farmer sample, and Model 2 shows the regression results for the large-scale household sample.



TABLE 5 Heterogeneity regression results for land scale.
[image: A table with two models comparing variables. Model 1 shows DID as -0.209 with a standard error of 0.242, while Model 2 shows DID as 0.083 with a standard error of 0.011, significant at 1%. Both models account for control variables, individual, time, and village fixed effects. The constant for Model 1 is 6.177 with a standard error of 1.352, and for Model 2, it is 3.329 with a standard error of 0.096, both significant at 1%. The R-squared values are 0.041 for Model 1 and 0.018 for Model 2. Sample sizes are 40,303 and 1,538, respectively.]

The results show that the larger the planting scale, the more significant the impact of MSSR on farmers’ maize productivity. The probable reason is that when the maize purchase policy was in place, maize production was mainly output-oriented, and large-scale farmers would spare no effort to increase maize production. This type of production, which relies on excessive land grabbing, can degrade soil quality, lead to pesticide residues such as herbicides and insecticides, and seriously affect maize productivity (Ma et al., 2023). Meanwhile, at the time of the implementation of the storage system, there was a significant expansion of maize planting areas by large-scale households, which adopted a rough management method, in addition to changes in the agricultural planting structure of frozen areas, drought-prone areas and areas with mixed agriculture and animal husbandry, which also tended to plant maize, resulting in low maize production efficiency (Di et al., 2023). The sown area of maize in agro-pastoral areas in pilot provinces increased from 1,364.63 thousand hectares in 2008 to 2,189.29 thousand hectares in 2015, with a growth rate as high as 60.4%. Implementing the maize purchase policy led to a tendency to plant maize in non-dominant areas. However, the shortage of soil and water resources and soil degradation caused the total maize production in non-dominant areas to decline in productivity, although it was rising. After the MSSR, large-scale farmers would adjust planting structures to use the land with low maize yields for other production, significantly increasing the maize productivity.



4.4.2 Heterogeneity in specialization level

Maize farmers with different levels of specialization will choose different adjustment strategies when facing the MSSR, leading to significant heterogeneity in policy effects. In this paper, we use the proportion of maize sown area to grain sown area to measure the degree of specialization, classify them into high and low specialization levels based on the median, and finally conduct group regression. Model 1 in Table 6 shows the regression results for the low specialization level sample and Model 2 for the high specialization level sample.



TABLE 6 Heterogeneity regression results for degree of specialization.
[image: Table comparing two models, Model 1 and Model 2, across several variables. DID for Model 1 is \(-0.057\) with a standard error of \(0.015\) and for Model 2 is \(0.133\) with a standard error of \(0.017\), both significant at 1%. Control variables, individual fixed effect, time fixed effect, and village fixed effect are included in both models. Constants are \(3.345\) for Model 1 and \(3.538\) for Model 2, both with high significance. \(R^2\) values are \(0.016\) for Model 1, \(0.037\) for Model 2. Sample sizes are \(29,118\) and \(12,723\) respectively.]

The results show that the higher the specialization level of farmers, the more significant the impact of MSSR on farmers’ maize productivity in all cases. A possible explanation is that for farmers with lower levels of maize specialization, the area and share of maize planted are lower, and the MSSR has a limited impact on their returns and does not change their planting decisions, so the MSSR does not have an impact on their maize productivity. For more specialized maize farmers, due to market price differentials, farmers tend to choose high-quality varieties or improve the soil to improve the quality of maize, thus significantly increasing their maize productivity (Ye et al., 2023b).



4.4.3 Heterogeneity of part-time employment

The degree of part-time employment in a farm household is also an essential factor influencing the effect of MSSR on maize productivity. This paper uses the proportion of household agricultural labor to total labor to measure the degree of part-time employment. The mean of the degree of part-time employment is used to determine the degree of high and low part-time employment, and the results are shown in Table 7. Model 1 shows the sample of low part-time farmers, and Model 2 shows the regression results of high part-time farmers.



TABLE 7 Heterogeneity regression results of household part-time employment.
[image: Table comparing two models with variables and results. Model 1 shows a DID coefficient of 0.056 with a standard error of 0.030; Model 2 shows 0.067 with 0.012. Control, individual fixed, time fixed, and village fixed effects are present in both models. The constant for Model 1 is 3.312 (0.217) and for Model 2 is 3.518 (0.110). R-squared is 0.016 for both, with sample sizes of 11,798 and 30,043, respectively. Significance at 1% level is indicated by asterisks.]

The results show that the higher the degree of farmers’ part-time employment, the more obvious the improvement of farmers’ maize productivity by MSSR. Maize price is an important factor affecting the returns of maize cultivation, and the decrease in maize price caused by MSSR will lead to a decrease in farm households’ returns of cultivation, thus adjusting the farm households’ cultivation structure. After the MSSR, farmers’ returns cannot be guaranteed as before the introduction of the maize purchase policy. For farmers with a high proportion of part-time employment, household income often consists of non-agricultural income, with a relatively low proportion of agricultural income (Li and Lin, 2022). When faced with the MSSR, these farmers are more likely to abandon land that faces losses, such as land with low soil fertility, which is more likely to increase their average maize productivity.



4.4.4 Heterogeneity of maize productivity

This paper examines the impact of MSSR on farmers’ maize productivity at various quantile levels. We obtained the results shown in Table 8 using unconditional quantile regression analysis. Unconditional quantile regression is a widely used method in analyzing treatment effect variance (Agyire-Tettey et al., 2018; Ma et al., 2020; Ye et al., 2023c), as it does not depend on control variable fluctuations. Models 1–5 represent the regression outcomes at the 10th, 25th, 50th, 75th, and 90th quartiles. First, the estimated coefficients of MSSR on farmers’ maize productivity at the lower quantile points of 10 and 25 are 0.123 and 0.046, respectively, and both are significant at the 1% level. This indicates that MSSR can increase maize productivity significantly for farmers with lower maize productivity. Second, the coefficient at the quantile point of 50 is 0.004 and is not statistically significant at the 10% level. Again, the estimated coefficients of MSSR on farmers’ maize productivity are-0.056 and-0.127 at the 75th and 90th percentile, respectively. Both coefficients are statistically significant at the 1% level, indicating that MSSR decreases maize productivity for farmers with higher maize productivity. Overall, MSSR reduces differences in maize productivity among farmers.



TABLE 8 Heterogeneity regression results of maize productivity.
[image: Table displaying the results of five models with variables including DID, control variables, and fixed effects. Model1 reports a DID coefficient of 0.123 with standard error 0.024. Model2’s DID is 0.046 with standard error 0.012. Model3’s DID is 0.004 with standard error 0.009. Model4’s DID is -0.056 with standard error 0.013. Model5’s DID is -0.127 with standard error 0.021. All models account for control, individual, time, and village fixed effects, with N=41,841. Significance at 1% level is indicated by triple asterisks.]




4.5 Robustness tests


4.5.1 Replacement sample

To ensure the validity of the estimation results, this paper employs the method of sample replacement to conduct robustness tests on the model. By replacing the time and cross-section dimensions of the sample for regression, pseudo-regression can be avoided. As shown in Table 9, the results indicate that model 3 has a narrowed sample from 2015 to 2018, and model 4 replaces the sample with the main maize-producing areas. The coefficients for both Model 1 and Model 2 are positively significant, implying that the impact of MSSR on farmers’ maize productivity is more robust. Thus, we confirm the strength of the regression results regarding sample replacement.



TABLE 9 Regression results of robustness tests (replacement samples).
[image: Table comparing two models, Model 1 and Model 2, with variables and results. DID coefficient is 0.127 with significance level of 1% in Model 1 and 0.060 with same significance in Model 2. Both models include control, individual fixed, time fixed, and village fixed effects. Constants are 3.444 and 3.697 for Models 1 and 2, respectively. R-squared values are 0.015 for Model 1 and 0.018 for Model 2. Sample sizes are 33,655 for Model 1 and 24,648 for Model 2.]



4.5.2 Replacement method

This paper also conducts robustness tests utilizing replacement methods. Table 10 presents the regression results, with model 1 reflecting kernel matching and model 2 near matching. Model 1 and Model 2 coefficients are significantly positive, indicating that the MSSR’s effect on farmers’ maize productivity is more resilient. After revising the research methodology, the coefficients for the main explanatory variables remain significantly positive, further affirming the robustness of the study’s findings.



TABLE 10 Regression results of robustness tests (replacement methods).
[image: Regression table comparing two models. Both models include control, individual fixed, time fixed, and village fixed effects. DID coefficients are 0.032 with a standard error of 0.011 for Model 1, and 0.031 with a standard error of 0.011 for Model 2. Constant terms are 3.377 and 3.376 with a standard error of 0.099 for both models. R-squared values are 0.014 for Model 1 and 0.013 for Model 2. Sample sizes are 42,507 and 42,495. Significance level is one percent.]



4.5.3 Placebo test

Referring to the existing studies (Chetty et al., 2009; Cai et al., 2016), this paper randomly selects farmers from four provinces as the experimental group in the study sample, and farmers from the remaining provinces as the control group for regression. The process is carried out through 200 random sampling rounds. The results of the variable coefficients’ kernel density distribution are displayed in Figure 5. From Figure 5, it is evident that the coefficients to be estimated are distributed around 0 in most cases, indicating the ineffectiveness of the randomly generated MSSR policy. Thus, we deduce that the impact of MSSR on maize productivity is not a result of other placebo factors and that MSSR can considerably enhance farmers’ maize productivity.

[image: Kernel density estimate graph displaying a bell-shaped curve centered around zero, representing probability density over coefficient estimates ranging from negative four to four. Uses Epanechnikov kernel with a bandwidth of 0.4053.]

FIGURE 5
 Distribution of coefficients for 200 MTFP estimates.






5 Conclusion and implications


5.1 Conclusion

MSSR is a significant component of China’s market-driven reform of grain support policy. Evaluating its productivity impact can optimize the policy, optimize the policy, and offer insights for policy reform in other developing countries. As such, this paper empirically analyzes the MSSR’s impact on maize productivity by utilizing the PSM-DID model based on China’s official National Rural Fixed Observation Point Farm Household Survey data. The paper’s findings can be summarized as follows: Firstly, MSSR has a significant enhancing effect on farmers’ maize productivity, with results that remain robust after sample and method changes, as well as placebo testing. Secondly, the MSSR is divided into two phases: the elimination of the purchase price of maize and the implementation of the maize producer subsidy, whereby the elimination policy’s effect is greater than that of the producer subsidy’s implementation. Third, the study on heterogeneity found that an increase in farm scale, specialization level, and part-time employment of farmers corresponded to a more pronounced impact of MSSR on their maize productivity. Fourth, unconditional quantile analysis revealed that MSSR lowers maize productivity in the high quartile while raising it in the low quartile. These findings imply that MSSR is a viable method for reducing the gap in maize productivity between farmers.



5.2 Policy implications

To enhance national food security, developing the MSSR further and establishing a reasonable subsidy system is recommended. A crucial first move is increasing subsidies to maize producers. These subsidies can alleviate the financial constraints faced by farmers and improve their maize productivity. Secondly, it is necessary to implement differentiated subsidies for maize producers. During this process, we must resolve issues related to unbalanced policy effects, prioritize the needs of vulnerable groups during policy implementation, and guide them toward structural adjustments in their planting practices. Finally, we need to ensure the accuracy of subsidies and increase their matching degree so that subsidies are allocated based on the amount of maize grown. This will effectively safeguard the income of maize growers by providing subsidies per acre of maize produced.

Exploring diversified maize-producer subsidy policies. The policy should shift from single-producer subsidies to diversified support in the future. It is necessary to improve the infrastructure construction of maize-advantaged areas, strengthen support for maize planting technology, and provide favorable external conditions for maize planting. For large-scale maize growers, it is possible to transition from a single producer subsidy to a diversified form of subsidy, such as capital credit and irrigation facility inputs. This would increase the ability of large-scale households to expand reproduction and withstand natural risks. Different producer subsidies should be allocated to various regions. For instance, in areas where maize cultivation is advantageous, the focus should be on supporting the production of large-scale farmers. In arid zones, the focus should be on producing various grains. In the pilot areas of the national “grain-to-fodder” program, the emphasis should be on producing maize seedlings.

The influence of additional subsidies on maize production behavior among farmers must be considered. Empirical evidence indicates that adjustments to soybean policy and direct grain subsidy policy also influence maize target fund payments. In the areas where reform pilots are being conducted, there is a significant substitution between maize, soybeans, and rice. Consequently, when optimizing the subsidy for maize producers, these three crops’ interplay policies must be considered. It is imperative to consider the coordination of subsidies for soybean and maize producers and adjust the ratio of maize and soybean cultivation through these disbursements.



5.3 Limitations of the study

The implementation of MSSR plays a vital role in the modification of China’s agricultural price support system, potentially impacting agricultural production in various ways, including macro-structural adjustments of agriculture and the growth of the agricultural economy. This study exclusively evaluates the policy from a maize productivity standpoint. Future research should expand on this by exploring the above directions. In addition, as the aim of this research paper is to guarantee food security, subjective evaluations are excluded. Hence, only the maize productivity of farmers is taken into account. However, it should be noted that farmers may encounter structural adjustments of food crops and cash crops during actual cultivation, which can potentially impact the farmers’ overall productivity. Future studies can be expanded from this perspective.
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The relationship between farm size expansion and efficiency is a key topic in agricultural economics, especially for achieving sustainable land use and food security. While existing literature focuses on land productivity, technical efficiency, and total factor productivity, the link between farm size and cost efficiency remains less explored. Cost efficiency is a critical indicator of production effectiveness and directly impacts agricultural sustainability and food security. This paper analyzes how farm size expansion affects the cost efficiency of Chinese rapeseed production, with a particular emphasis on sustainable agricultural production and food security. Our findings indicate an average cost efficiency of 0.740 for rapeseed in China, suggesting potential for improvement. We observe an inverted U-shaped relationship between farm size and rapeseed cost efficiency, with variations based on regional and topographic conditions. Optimal rapeseed farm size is between 10 and 30 mu in eastern and central China, and smaller than 10 mu in western China. Interestingly, in central China and plains regions, larger farm sizes have a less negative impact on cost efficiency. Finally, increasing plot size positively moderates the relationship between farm size and rapeseed cost efficiency, suggesting benefits from expanding both plot and farm sizes simultaneously. These findings provide empirical evidence to inform policy decisions related to sustainable land use, cost-efficient agriculture, and food security.
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1 Introduction

China’s agricultural sector is grappling with several significant challenges that are unique to its situation. These include a large population that demands a steady and secure food supply, scarce arable land that limits the extent to which food can be produced domestically, a predominance of small-scale farming that complicates efforts to increase efficiency, and severe land fragmentation that hinders the effective use of modern agricultural technologies (Tan et al., 2006; Xu et al., 2020). To address land fragmentation and promote efficient mechanization, the government has implemented policies focused on consolidating land management rights, clarifying property rights, and stimulating a more active land transaction market (Fleisher and Liu, 1992; Liu Z. et al., 2017; Gao et al., 2020). These policies are designed to encourage the growth of farm sizes, both in terms of operational scale and the physical size of plots, as a means of achieving economies of scale (Liang et al., 2020; Guan et al., 2023). However, the persistence of land fragmentation poses a significant barrier to realizing the full benefits of scale, as it can prevent the efficient deployment of mechanized farming methods, thus affecting both productivity and economic returns (Guo et al., 2019; Razzaq et al., 2022; Qi et al., 2023). The consolidation of land into larger, more contiguous plots is seen as a critical step toward enabling the widespread adoption of mechanization (Zhang and Luo, 2020), which can lead to significant improvements in input-use efficiency and a reduction in production costs. This paper aims to investigate the impact of plot size expansion on the cost efficiency of Chinese rapeseed production, with the goal of providing valuable insights that can inform sustainable land use and food security policies.

The relationship between farm size and various forms of agricultural efficiency has been a subject of extensive research (Razzaq et al., 2019). However, findings have been mixed. On one hand, some studies have identified a negative correlation between farm size and technical efficiency, suggesting that smaller farms might be able to use their resources more effectively than their larger counterparts (Lau and Yotopoulos, 1971; Liu and Cai, 2013). This perspective is supported by data indicating an inverse relationship between farm size and the technical efficiency of grain production. On the other hand, a body of research argues for a positive correlation, with larger farms displaying higher levels of technical efficiency and making better use of machinery, which, in turn, boosts overall productivity (Bravo‐Ureta and Rieger, 1991; Liu and Cai, 2013; Zhang et al., 2013; Geng et al., 2014; Liu F. et al., 2023). This view is further supported by studies showing a positive link between farm size and agricultural productivity on a regional and national level over time (Yao and Hamori, 2019; Helfand and Taylor, 2021). Despite the wealth of research on this topic, the specific relationship between farm size—particularly in terms of plot size—and cost efficiency has received less attention. On the one hand, the transfer of agricultural land, the size of the plot, and the scale of the operation can all introduce variability that should not be ignored (Zhang and Luo, 2020). On the other hand, cost efficiency reflects the ability to achieve an increase in output within a given cost constraint or a reduction in costs within a given output constraint. This aligns with the Chinese government’s original intention to support moderate-scale operations (Wang et al., 2019). At the same time, cost efficiency is a critical factor in determining the economic sustainability of agricultural practices, making it an important area of study for those concerned with the long-term viability of food production systems.

In 2020, China was one of the world’s leading producers of rapeseed, with a total planted area of nearly 6,764,700 hectares and an impressive output of 14,049,100 tons. This remarkable achievement positioned China as the second-largest producer of rapeseed globally, reflecting the country’s strong agricultural capabilities and commitment to meeting the growing demand for this valuable crop. This study investigates the specific impact of increasing plot size on the cost efficiency of Chinese rapeseed production, addressing an important gap in the literature. Understanding how plot-level dynamics interact with overall farm size expansion is essential for developing policies that promote cost-effective agricultural practices. This research emphasizes the significance of land consolidation for achieving sustainable agriculture. By analyzing detailed farmer microdata, we aim to explore the relationship between farm size, plot size, and oilseed rape production efficiency, and to identify solutions to improve oilseed rape production efficiency, thereby promoting sustainable agricultural development and food security in China. Ultimately, our findings will provide empirical evidence to inform policy decisions aimed at ensuring both a stable food supply and environmentally responsible land management practices.

Considering sustainable land use and food security, this paper measures the cost efficiency of rapeseed production using stochastic frontier analysis. It decomposes cost efficiency into technical and allocative efficiency using micro research data (2018–2021) from fixed observation points within the Chinese government’s rapeseed industrial technology system. A Tobit model analyzes factors influencing rapeseed production cost efficiency along with its heterogeneity. Finally, the study examines the role of plot size within the impact that farmer operational scale has on rapeseed production cost efficiency.



2 Materials and methods


2.1 Methods


2.1.1 Measuring rapeseed production cost efficiency for sustainable agriculture and food security

A rigorous assessment of rapeseed production cost efficiency is the foundation of this empirical research. We employ the stochastic frontier analysis (SFA) approach for its ability to decompose cost efficiency effectively (Ozkan et al., 2009) and its suitability for the agricultural sector, where uncertainty is prevalent (Koop et al., 1999; Belotti et al., 2013). The SFA method necessitates the specification of function types, which include the stochastic frontier production function, cost function, and profit function, chosen based on the variables under examination (Battese and Coelli, 1995). For our analysis, the stochastic frontier cost function is constructed to assess the cost efficiency of rapeseed production in China and identify factors influencing it. The stochastic frontier cost function is represented as:

[image: Equation depicting \(C_{it} = f(P_{it}, Y_{it}, \beta) + v_{it} + u_{it}\).]

where i = 1, 2, …, N; t = 1, 2, …, T. Pit represents input factor prices, Yit is the output, Cit denotes total cost, and β are the parameters to be estimated. The error term εit = vit + μit is the stochastic disturbance term, which consists of two components that satisfy cov(μit, vit) = 0 and [image: Mathematical expression showing \( v_{it} \sim \text{i.i.d.} N(0, \sigma_v^2) \), indicating that \( v_{it} \) is independently and identically distributed following a normal distribution with mean zero and variance \(\sigma_v^2\).]. The term μit refers to the cost inefficiency factor, which is conventionally modeled as a non-negative distribution, i.e., [image: The equation describes a distribution where μ sub it is independently and identically distributed (i.i.d) following a positive normal distribution with mean it and variance σ squared.], indicating that inefficiencies contribute to an increase in production costs. The coefficient of μit is positive, reflecting the direct impact of inefficiencies on elevating production expenses (Battese and Coelli, 1995).

The model for analyzing the cost efficiency of rapeseed production incorporates both the Cobb–Douglas (C-D) and Translog functions, with specific reference to Campos et al. (2022) for their foundational frameworks. The choice of the C-D function is motivated by three main factors: its inherent property of self-duality, the transparency and significance of its parameter estimations for economic interpretation, and its straightforward application in disentangling efficiency (Musau et al., 2021; Octrina and Mariam, 2021). Given these advantages, our study employs the C-D function to formulate the stochastic frontier cost function model. This model acknowledges the behavior of input factor prices through a non-decreasing, linearly chi-squared, and concave pattern, adhering to the condition that ∑βj = 1. Substituting this constraint into Equation (1) leads to a refined expression of the stochastic frontier cost function under the chi-squared constraint as follows:

[image: Logarithm of the ratio of \( C_{it} \) to \( P_{kit} \) equals \( \beta_0 \) plus the sum from \( j=1 \) to \( k-1 \) of \( \beta_j \) times the logarithm of the ratio of \( P_{jit} \) to \( P_{kit} \) plus \( \beta_y \) times the logarithm of \( Y_{it} \) plus \( \gamma t \) plus \( v_{it} \) plus \( u_{it} \). Equation (2).]

For simplification, we define cit = (Cit/Pkit), wjit = ln(Pjit/Pkit), yit = ln(Yit), and

[image: Mathematical equation showing the cost \( C_{it} = \beta_0 + \sum_{j=1}^{k-1} \beta_j w_{jit} + \beta_y y_{it} + \gamma t + v_{it} + u_{it} \).]

The term μit is the cost inefficiency term and the mean of its distribution can be expressed as a function of the factors influencing cost inefficiency. The cost inefficiency function is:

[image: Equation labeled as four: omega bar subscript it equals alpha plus S delta plus Z phi plus xi.]

In Equation (4), S symbolizes the scale of land operation by the farmer; Z includes other control variables, with α, δ, and φ as the parameters to be estimated, and ξ as the random perturbation term.

Following Aigner et al. (1977), the structure of the cost inefficiency function allows for empirical testing, facilitating the separation of cost efficiency into technical efficiency and allocative efficiency. Technical efficiency is computed by:

[image: Formula for CTE subscript it equals exp in parentheses negative mu subscript it divided by r, labeled as equation 5.]

And allocative efficiency is determined through:

[image: Mathematical equation depicting "CAE sub it equals exp of open parenthesis ln r minus A sub it close parenthesis" followed by equation number six in parentheses.]

Hence, the formula to calculate cost efficiency merges these efficiencies:

[image: The equation shown is \( CE_{it} = CTE_{it} \times CAE_{it} = \exp(\ln r - A_{it} - \mu_{it} / r) \) labeled as equation (7).]

In Equation (7), r denotes the economies of scale, and A denotes the function representing the random error term introduced by allocative inefficiencies, as detailed by Schmidt and Lovell (1979). This approach enables a comprehensive analysis of rapeseed production cost efficiency, emphasizing the importance of both farm size and the efficient allocation of resources for achieving both economic viability and sustainable agricultural practices.



2.1.2 Methods for analyzing the impact of land consolidation on cost efficiency

To investigate the relationship between land consolidation and the cost efficiency of rapeseed production in China, we employ the Tobit regression model. The Tobit model is particularly suited for this analysis due to its ability to handle censored data, which is common in efficiency studies where the efficiency score is bounded. This approach aligns with recent methodologies employed by Xue et al. (2021) and Chen and Wang (2022), ensuring consistency within the field.

The model is specified as follows:

[image: Mathematical expression for \(CE_i\): If \(\beta^T X_{it} + \varepsilon_{it} > 0\), then \(CE_i = \beta^T X_{it} + \varepsilon_{it}\); otherwise, \(CE_i = 0\). Equation labeled as 8.]

In Equation (8), [image: Mathematical expression with "CE" in uppercase followed by the subscript "it".] represents the cost efficiency score for rapeseed production. The variable [image: Italicized letter X with subscripts i and t written in mathematical notation.] includes a vector of explanatory factors that potentially influence cost efficiency. These factors incorporate household head characteristics, the sown area dedicated to rapeseed, terrain features, income from subsidies, the proportion of labor hired, and the rate of land transfers. The term [image: β raised to the power of T.] denotes the vector of coefficients for these variables, and ε is the random error component.




2.2 Data

The foundational data for this analysis is derived from the detailed records of individual farmers within the National Rapeseed Industry Technology System, spanning from 2018 through 2021. This comprehensive dataset includes observations from 3,208 farming households situated across a wide geographical span of 14 provinces and 87 counties, specifically within China’s predominant winter rapeseed producing regions. Particularly, these regions are responsible for the majority—90%—of rapeseed sown area nationally, underscoring their significance in the overall production landscape. The National Rapeseed Industry Technology System, a collaborative initiative by the Ministry of Finance and the former Ministry of Agriculture, established 30 comprehensive experimental stations dedicated to rapeseed research across China. These stations, strategically placed across the country’s rapeseed belts, play a critical role in continuously monitoring and recording the economic performance of rapeseed cultivation, thereby providing a rich dataset for analysis. Staffed primarily by members of provincial agricultural research institutes, agricultural and rural bureaus, and county-level agricultural extension organizations, these stations leverage expertise in agricultural economic management and established relationships with farmers to ensure accurate and reliable micro-research data. The survey employed stratified random sampling methods. Descriptive statistics indicate that core sample data variables align closely with national macro-statistical values, demonstrating the representativeness of the data source. The study’s geographic focus is depicted in Figure 1.

[image: Map of China highlighting various colored areas indicating different research zones, labeled as Area 1 to Area 7. A legend explains the colors, with non-research areas in white. An arrow indicates north, and some regions extend into the ocean as small, scattered red and blue marks.]

FIGURE 1
 Distribution Map of the Main Winter Rapeseed Producing Areas in China. Area 1: South China coastal winter rapeseed production area, including Guangxi. Area 2: Huanghuai Plain winter rapeseed production area, including Anhui and Henan. Area 3: Yunnan-Guizhou Plateau winter rapeseed production area, including Yunnan and Guizhou. Area 4: Sichuan Basin winter rapeseed production area, including Sichuan, Chongqing. Area 5: winter rapeseed production area in the middle reaches of Yangtze River, including Hubei, Hunan and Jiangxi. Area 6: winter rapeseed production area in the lower reaches of the Yangtze River, including Zhejiang, Jiangsu and Shanghai. Area 7: Loess Plateau winter rapeseed production area, including Shaanxi.


The analysis undertaken in this paper rigorously evaluates data trends from 2018 to 2021 to discern patterns at the national level as well as across the eastern, central, and western regions of China. After excluding data that did not meet the stringent criteria required for this empirical investigation, the study proceeded with a robust sample of 3,088 farm households. This refined sample size, which represents a 96.26% validity rate from the original dataset, ensures a high degree of reliability and accuracy in the findings presented.



2.3 Variables definitions


2.3.1 Dependent variable

The primary variable of interest, rapeseed cost efficiency, is derived using the Stochastic Frontier Analysis (SFA) approach. This method necessitates the meticulous selection of both input and output variables to accurately compute cost efficiency. In alignment with established research, the output variable here is defined as the total cost incurred by farmers, which includes the costs associated with seeds, fertilizers, labor, land usage, and machinery operations. Input variables are characterized by the total production output of rapeseed and the costs of essential inputs: namely, the price per unit area for seeds, fertilizers, machinery, labor wages per day, land transfer costs per unit area, and other related expenses. To adjust for inflation or deflation over time, price variables were normalized using a relevant price index. Specifically, we used the Agricultural Production Material Price Index (APMPI) with 2018 as the base year to deflate the indicators.



2.3.2 Core explanatory variables

The study places particular emphasis on farm size as its core explanatory variable. Farm size is evaluated through two principal measures: the total land area and the specific area sown with rapeseed. Given that the sown area provides a closer reflection of the operational conditions for rapeseed cultivation, it is utilized as the primary measure of farm size. Further, to explore the aspect of land fragmentation, this study incorporates the concept of plot size, defined by the ratio of total sown area to the number of plots owned by a household.



2.3.3 Control variables

To account for the influence of various factors on rapeseed production cost efficiency, this study integrates several control variables, drawing on the methodology of Zhang et al. (2022). The variables include (1) age, defined as the difference between the survey year and the birth year of the decision-maker, serving as an indicator of experience and potentially, human capital; (2) gender, coded as 0 for females and 1 for males, to examine the role of gender dynamics in farming efficiency; (3) education, measured by the highest level of schooling completed, with categories ranging from 6 years for elementary education to 16 years for undergraduate studies, reflecting the decision-maker’s educational background; (4) health status, assessed on a scale where 1 indicates differential health compared to peers, 2 the same, and 3 better health, to gauge the potential impact of health on productivity; (5) topography, with a binary coding of 0 for non-plain areas and 1 for plain areas, to consider the geographical influences on farming practices; (6) subsidies, including various forms of governmental support such as land, operation, machinery, and cropland protection subsidies, which affect the economic aspects of rapeseed farming; (7) hired worker weight, the ratio of hired laborers to the total labor force, to understand the reliance on external labor; (8) distance to markets and (9) agricultural institutions, both measured in kilometers, to factor in the accessibility of essential services and markets; (10) the number of parcels, to explore the effects of land fragmentation; (11) land transfer rate, the proportion of leased land to total farmed land, to assess the impact of land mobility on efficiency; (12) regional and (13) time dummy variables, included to capture the variability in cost efficiency across different locations and periods. Analysis of these variables provides a comprehensive understanding of the factors influencing cost efficiency in rapeseed production, with detailed statistics presented in Table 1.



TABLE 1 Descriptive statistics of variables.
[image: Table displaying various agricultural variables, including definitions or units, averages, standard deviation, minimum, and maximum values. Key variables include total output, seed price, fertilizer price, machinery price, labor price, and more, each with specified metrics. For example, total output averages 3563.53 kg with a maximum of 70300 kg. Data encompasses metrics such as age, gender, education, farm size, subsidies, and regional dummy variables, providing detailed statistical insights.]





3 Results and discussion


3.1 Sustainable cost efficiency measurement, decomposition, and heterogeneity analysis

In this section, we present the results of the cost efficiency analysis. We examine the individual components of cost efficiency and present the findings of the heterogeneity analysis. These findings provide a more comprehensive understanding of the current state of rapeseed production efficiency and its implications for sustainability and food security. We utilize Equations 1–8 from the methodology to calculate cost efficiency, technical efficiency, and allocative efficiency. The results are summarized in Table 2, which includes classification characteristics based on time.



TABLE 2 Cost efficiency of rapeseed production at different periods.
[image: Table showing efficiency metrics from 2018 to 2021 and the full sample. Cost efficiency ranges from 0.601 to 0.733. Technical efficiency varies between 0.683 and 0.794. Allocation efficiency ranges from 0.857 to 0.916. Full sample figures are 0.670 for cost, 0.740 for technical, and 0.889 for allocation efficiency.]

The results show that, overall, the average value of cost efficiency of rapeseed farmers is 0.670, showing there is a significant inefficiency and room for improvement. The actual cost of rapeseed production for farmers has a large deviation from the frontier cost, and there is still a 33% efficiency loss compared with the minimum cost. There is still a large room for improvement in cost efficiency. From the decomposition value of cost efficiency, the average values of technical efficiency and allocation efficiency are 0.740 and 0.889, respectively, which indicates that technical efficiency and allocation efficiency jointly affect cost efficiency improvement. In addition, as seen in the results of Table 2, technical efficiency is marginally increasing over time. Therefore, the key point to improve the cost efficiency of rapeseed production lies in the improvement of individual farmers’ business practices and the scientific adoption of new technologies and equipment (Zhang and Zhou, 2019).

The findings suggest that rapeseed farmers have the potential to improve their cost efficiency significantly. The average cost efficiency of rapeseed farmers is 0.670, indicating that there is room for improvement. The actual cost of rapeseed production for farmers is significantly higher than the minimum cost, indicating a 33% efficiency loss. This loss can be attributed to both technical inefficiency and allocative inefficiency. Technical efficiency refers to the ability of farmers to produce rapeseed at the lowest possible cost using the available resources, while allocative efficiency refers to the ability of farmers to allocate resources optimally among different inputs. The results in Table 2 also show that technical efficiency has improved over time, suggesting that farmers are becoming more efficient in their production practices. To further improve cost efficiency, farmers should focus on improving both technical efficiency and allocative efficiency. This can be achieved by adopting new technologies and equipment, improving management practices, and optimizing resource allocation (Zhang and Zhou, 2019).

Within the temporal dimension, there appears to have been a substantial fluctuation in cost efficiency during the year 2020, which may be attributed to the emergence of the COVID-19 pandemic. Farmers engaged in agricultural labor less frequently due to the pandemic, thereby affording them more time for field management. This conclusion aligns with the postulations of Zhang et al. (2021) and is further supported by the implementation of national policies providing subsidies for machinery purchases, which resulted in an increased utilization of agricultural machinery services. As mechanization progresses, reliance on costly labor decreases, potentially enabling larger farm sizes (Gardner, 2002; Zhou et al., 2015; Sang et al., 2023). Consequently, rapeseed production became significantly more mechanized compared to the corresponding period in preceding years, leading to an unexpected increase in cost efficiency.

Similarly, the cost-effectiveness of farmers’ production at various planting scales was analyzed. Table 3 presents the results. According to the six scale intervals, the cost efficiency of rapeseed production follows an inverted U-shaped pattern as the planting size increases, which is consistent with the findings of previous studies (Liu Q. et al., 2017; Liu et al., 2018; Zhao et al., 2021; Zhang et al., 2022). There exists an optimal moderate scale of operation for rapeseed production, and the cost efficiency reaches its peak when the scale is between 10 and 30 mu. However, if the planting scale continues to increase beyond a certain interval, the cost efficiency of rapeseed production exhibits a “cliff-like” downward trend. This suggests that overstretching the scale of operation by farmers will result in decreased cost-effectiveness and profitability of rapeseed production. Notably, the cost efficiency is the lowest for households with scales exceeding 200 mu.



TABLE 3 Cost efficiency of rapeseed production at different scales.
[image: Table displaying efficiency variables across different land sizes in mu. Cost efficiency ranges from 0.691 to 0.510, technical efficiency from 0.759 to 0.597, and allocation efficiency from 0.900 to 0.808, decreasing with increasing land size.]

Two possible reasons can explain this phenomenon. On the one hand, as the scale of farmers’ operations expands and the use of hired labor increases, not only do supervision and management costs rise, but farmers also need to pay wages in the labor market according to the market price. On the other hand, when the scale of farmers’ operation reaches a certain critical value, the management of farmland by farmers also reaches the optimum. However, as the scale increases further, farmers may lack sufficient energy to manage the farmland effectively. Additionally, the infrastructure, agronomic training, personnel management, and factor marketization reforms of the farmland may lag behind the moderate-scale development process, which reduces the cost-efficiency of rapeseed cultivation. Furthermore, the study results reveal significant differences in cost efficiency, technical efficiency, and allocation efficiency among the six scales. It is also observed that the technical efficiency of rapeseed production exhibits an inverted U-shaped pattern as the scale of farmers’ operations expands, reaching its highest point when the scale is between 10 and 30 mu. However, the relationship between the scale of farmers’ operations and allocation efficiency is less pronounced compared to technical efficiency. In summary, farmers should not blindly expand their scale but rather choose a moderate-scale planting approach based on local resource endowments and their own management capabilities.



3.2 Analysis of the impact of farm size expansion on cost efficiency in sustainable rapeseed production

This section examines the influence of farm size expansion on cost efficiency in rapeseed production. As cost efficiency can be categorized into technical efficiency and allocative efficiency, the impact of farm size expansion on these two variables is also examined. Table 4 presents the empirical results, with Model 1 representing the effect of planting scale expansion on cost efficiency. Models 2 and 3 represent the effects on technical efficiency and allocative efficiency, respectively. The estimated coefficients of the variables in Models 1, 2, and 3 are −0.0266, −0.0241, and −0.0146, respectively, all significant at the 1% statistical level. These findings indicate that the scale of farm operation has a significant negative impact on the technical efficiency and cost efficiency of rapeseed growers. This suggests that expanding the operational scale does not necessarily lead to cost savings and is not conducive to improving technical efficiency, which aligns with the findings of Fan and Chan-Kang (2005) and Helfand and Levine (2004). Large-scale farmers incur higher management and supervision costs, and if the capacity for resource allocation cannot be correspondingly improved, cost efficiency will be reduced. Therefore, enhancing the cost efficiency of rapeseed production should focus on improving farmers’ ability to allocate resources and adopt new technologies. These findings suggest that promoting sustainable production practices may require a shift away from large-scale farming and toward smaller-scale, more diversified farming systems. These findings have implications for food security, as improving cost efficiency and promoting sustainable production practices could make food more accessible and reduce the environmental impacts of agriculture.



TABLE 4 Results of the effect of farm size expansion on efficiency.
[image: Table comparing three models of efficiency—cost, technical, and allocation—across various variables: farm size, gender, age, education, health status, distance to markets and institutions, hired worker weight, topography, subsidies, number of parcels, and land transfer rate. Each model shows coefficients with standard deviations. Significance is noted as *** (1%), ** (5%), and * (10%). Sample size is 3,088 for all models.]

In addition, we investigated the impact of control variables on rapeseed cost efficiency. The topographic features had a substantially negative impact on both technical and cost efficiency. This result indicates that geographical characteristics, such as hilly, mountainous, or alpine regions with uneven terrain and smaller-scale farmland, are not suitable for large-scale machinery operations and thus hinder rapeseed cost savings (Beckie and Warwick, 2010). Due to natural limitations, machinery that functions effectively in plains cannot be employed in hilly and mountainous areas, resulting in a significant decrease in machinery utilization rates (Cao et al., 2023). Notably, the distance to the closest farmers’ market exhibited a significant inverse relationship with rapeseed production cost efficiency. This finding suggests that farmers located farther away from farmers’ markets may incur higher costs associated with purchasing supplies, such as seeds, fertilizers, pesticides, transportation, and labor, leading to an overall increase in total costs. Conversely, the distance to the nearest agricultural extension institution showed a significant positive correlation with rapeseed production cost efficiency. This outcome can be attributed to the fact that agricultural extension centers at the county level and above possess stronger faculty and more effective skill transfer capabilities compared to those at the township level. This finding aligns with the notion that technical training, similar to education, exhibits a positive trend in terms of faculty quality and desired outcomes as the level of training increases (Ye et al., 2023).

The proportion of hired labor significantly negatively affects cost efficiency and technical efficiency. The possible explanation is that as urbanization accelerates, hiring labor becomes more expensive, leading to an increase in the total cost of rapeseed production, which does not contribute to improving cost efficiency (He et al., 2017). In addition, there is a substitution effect between the share of hired labor and technology adoption, meaning that a higher proportion of hired labor hinders improvements in technological efficiency (Afonso and Leite, 2010). In contrast, the estimated coefficient of rapeseed production subsidy is significantly positive at the 1% level, emphasizing the importance of policy factors in rapeseed production. This finding highlights the need to improve China’s agricultural subsidy policy, diversify subsidy types, and adopt more flexible subsidy methods to enhance subsidy effectiveness (Guo et al., 2021; Zhang, 2022), which is consistent with the conclusions of Liu Q. et al., 2017 and Leng et al. (2021). On the other hand, the land transfer rate significantly negatively affects cost efficiency, technical efficiency, and allocation efficiency. One possible reason is the phenomenon of dispersed land transfer among rapeseed farmers, which can lead to more severe land fragmentation (Liang et al., 2020). This, in turn, increases the inputs of fertilizers and other production factors, potentially offsetting any potential improvements in cost efficiency. These findings suggest that sustainable production and food security require a balance between labor, technology, and land resources, which can be achieved through improved subsidy policies and land consolidation.



3.3 Sustainability-centric heterogeneity analysis

We also conduct heterogeneity analysis to examine how cost efficiency and its decomposition vary across farmers of different sizes, in diverse regions, and under varying terrain conditions. These results help us develop targeted strategies to enhance cost efficiency for farmers based on their specific circumstances.


3.3.1 Regional heterogeneity analysis

China’s goal of becoming an agricultural powerhouse depends on narrowing regional agricultural productivity gaps. This will both stabilize the supply of key agricultural products and boost farmers’ income (Gong, 2022). Resource endowment, economic development, and agricultural policies can significantly influence rural industries. These factors may cause regional disparities in how farm operation scale impacts the cost efficiency of rapeseed production across China’s western, central, and eastern regions. Therefore, sustainable agricultural development must address these regional differences to improve rapeseed production efficiency. This is particularly important in China’s central and western regions, which hold significant potential for increased rapeseed production efficiency and contribute to global agricultural modernization.


3.3.1.1 Regional heterogeneity of cost efficiency

The cost efficiency of rapeseed production in eastern China is inverted U-shaped with the expansion of farmers’ operating scale (Table 5). It is optimal in the interval of 10 to 30 mu. Cost efficiency, technical efficiency, and allocation efficiency were also higher in the eastern region than in the central and western regions. These findings align with Liu Q. et al., 2017. This may be attributed to terrain conditions, economic development, local support policies, and the quality and skills of farmers in the eastern region (Jin et al., 2010). Technical and allocation efficiency also exhibit inverted U-shaped trends and are higher than in the central and western regions.



TABLE 5 Efficiency and decomposition of rapeseed production in different regions.
[image: Table displaying efficiency metrics across different regions and land sizes. Columns represent land size categories in mu: less than 10, 10–30, 30–50, 50–100, 100–200, over 200. Rows show cost, technical, and allocation efficiencies for Eastern, Central, and Western regions. Values indicate specific efficiency scores within each category.]

With scale expansion, the cost efficiency of rapeseed production in central China follows an inverted U-shaped trend and has the highest efficiency value in the interval of 10 to 30 mu. Cost efficiency, technical efficiency, and allocation efficiency were significantly higher in the central region than in the western region but lower than in the eastern region. This finding might be related to the fact that Hubei and Hunan in the central region are primary winter rapeseed producing areas and the local government emphasizes moderate-scale operation and sustainable rapeseed development (Zheng et al., 2020). Moreover, the central region’s landscape is dominated by mountains and hills, with large undulating and scattered land parcels. The fragmentation of cropland is prominent, and cropland remediation lags behind other regions (Tang et al., 2023), affecting the improvement of rapeseed production cost-effectiveness.

The findings reveal that in Western China, rapeseed production’s cost efficiency is lower than in the eastern and central regions, showing a downward trend with an optimal level below 10 mu. This disparity can be attributed to several factors, including differences in topography, geomorphology, infrastructure, the completeness of the factor market, and existing agricultural technology. Additionally, small farmers in the western region tend to make more rational factor inputs in small-scale cultivation or over-invest their own labor to replace other production factors, aiming to maximize output per unit of land (Li et al., 2010). However, this approach results in optimal cost efficiency.

These results show that the cost efficiency of rapeseed production in China varies across regions and exhibits an inverted U-shaped relationship with the expansion of farmers’ operating scale. The eastern region has the highest cost, technical, and allocation efficiency, followed by the central region and the western region. These findings align with previous studies and can be attributed to factors such as terrain conditions, economic development, local support policies, and the quality and skills of farmers. From a sustainable production perspective, improving cost efficiency and resource allocation in rapeseed production can contribute to reducing environmental impacts and enhancing long-term food security. Moreover, promoting sustainable production practices, such as adopting integrated pest management and optimized fertilizer application, can help maintain high yields while minimizing costs and environmental degradation.



3.3.1.2 Regional heterogeneity in the impact of farm size expansion on cost efficiency

China is known for its large geographical area with significant regional variations. To further examine these differences, we analyze the regional impact of farm size expansion on the cost efficiency of farm households, as shown in Table 6. Models 1, 2, and 3 present the estimation results for the eastern, central, and western regions, respectively.



TABLE 6 Results of regional heterogeneity in the effect of farm size on cost efficiency.
[image: Table presenting the cost efficiency of three models across various variables. Significant variables are marked with asterisks at levels 1 percent, 5 percent, and 10 percent. Models compare factors like farm size, gender, age, education, health status, distance to markets and institutions, hired worker weight, topography, subsidies, number of parcels, land transfer rate, and others, with sample sizes of 660, 1,430, and 998 in Models 1, 2, and 3, respectively. Standard deviations are in parentheses.]

Several conclusions can be drawn from these findings. First, the scale of farm operations has a significant negative impact on all three types of efficiency of rapeseed growers in the eastern region. However, comparing the regression coefficients reveals that the negative effect in the central region is smaller than that in the eastern region, and that in the eastern region is smaller than that in the western region. This finding is related to the support policies for rapeseed production in the central region, particularly in Hubei and Hunan provinces, which are two major rapeseed-producing provinces. The support provided by the relevant governments and research institutes in these provinces for rapeseed research, development, and production is substantial. In addition, the topographic characteristics of farmland had a significant positive effect on all three efficiencies of rapeseed growers in the eastern region. This suggests that the plain topographic conditions in the eastern region are favorable for promoting agricultural machinery services, which in turn improves cost efficiency (Liu Q. et al., 2017). However, the significance of this effect in the central and western regions is less pronounced than in the eastern region.

Second, the proportion of hired labor significantly negatively affects cost and technical efficiency in the eastern region. This negative effect is smaller in the eastern region than in the central region, possibly due to the quality of hired labor. The eastern region has more systematic and effective training programs for professional farmers.

Third, the estimated coefficient of rapeseed production subsidy is significantly positive at the 1% level in the eastern region, but not significant for the central and western regions. There is even a negative effect for the western region. This finding suggests a usability problem with the subsidy policy. Specifically, implementing subsidy policies in different regions does not necessarily have a positive effect on rapeseed production (Zhang et al., 2022).

These findings indicate regional disparities in the impact of farm size expansion on the cost efficiency of rapeseed growers in China. The negative effect of farm size on efficiency is more pronounced in the eastern region than in the central and western regions. This finding is related to the support policies for rapeseed production in the central region and the topographic characteristics of farmland in the eastern region. These results have implications for sustainable food production, as they suggest that farm size is not the only factor that affects the efficiency of agricultural production. Other factors, such as government support and topographic conditions, also play an important role.




3.3.2 Analysis of terrain heterogeneity

China is characterized by a diverse topography, encompassing plains, hills, mountains, and plateaus. Consequently, the divergent terrain conditions exert a profound influence on the efficiency of rapeseed production. Therefore, investigating its heterogeneity presents a valuable opportunity to inform and guide the sustainable development of the rapeseed industry.


3.3.2.1 Terrain heterogeneity of cost efficiency

Table 7 reveals that the cost efficiency of rapeseed production in China’s plain areas exhibits an inverted U-shaped pattern as farmers’ operation scale expands. The overall efficiency value is higher than in non-plain areas and is optimal in the two intervals of 10–30 mu and 50–100 mu. Notably, there is no significant difference between the efficiency values of plain and non-plain areas in the interval of less than 10 mu. However, beyond the 200 mu interval, the efficiency values of plain areas significantly surpass those of non-plain areas. These findings highlight the influence of topography, landscape, and infrastructure conditions and suggest that natural factors continue to exert a significant impact on crop production. Small-scale farmers in the plains need to capitalize on their efficiency advantages when operating on a small scale. As the scale increases, more farmers in the plains region are adopting mechanization, facilitating continuous and specialized production and thereby realizing the external scale economies of specialized agglomeration (Zhang and Luo, 2020). Nonetheless, there is substantial room for improvement in cost efficiency for both plains and non-plains scale households. Small-scale farmers in China’s plain areas have the potential to contribute to sustainable agriculture due to the higher cost efficiency of rapeseed production in these regions. These findings indicate that small-scale farmers can play a significant role in sustainable food production. By leveraging their efficiency advantages, small-scale farmers can increase food production, improve food security, and minimize environmental impacts. Mechanization and specialized production in the plains region can further enhance cost efficiency and support sustainable food production. This shift toward small-scale, efficient farming practices can contribute to the long-term sustainability of China’s agricultural sector and ensure food security for future generations.



TABLE 7 Cost efficiency and decomposition in different terrain.
[image: Table comparing efficiency in plains and non-plain regions across various land sizes, measured in mu. It shows cost, technical, and allocation efficiencies for land sizes under 10 mu to over 200 mu, with specific efficiency values for each category and region.]



3.3.2.2 Regional heterogeneity in the impact of farm size expansion on cost efficiency

In this section, we conduct a more detailed analysis of the topographic differences in the impact of farm size expansion on farmers’ cost efficiency. The results of this analysis are presented in Table 8. Models 1 and 2 present the estimation results of farm size expansion on cost efficiency in the plains and non-plains regions, respectively, for farmers.



TABLE 8 Results on terrain heterogeneity in the effect of farm size on cost efficiency.
[image: Comparison table of two models showing cost efficiency. Variables include farm size, gender, age, education, health status, distance to markets, and more. Model 1 highlights significant impacts from variables like health status and subsidies, while Model 2 shows notable influences from farm size, distance to markets, and subsidies. Asterisks indicate significance levels, with standard deviations in parentheses. Model 1 has 998 entries, Model 2 has 2090.]

The findings reveal several key insights. First, farm size significantly influences the cost efficiency and technical efficiency of rapeseed farmers in the plains. However, the negative effect is less pronounced compared to non-plain areas, as indicated by the regression coefficients. This suggests that the more favorable terrain conditions in the plains enhance the efficiency and adoption of mechanization in rapeseed production, mitigating the negative impact on cost efficiency (Yang and Li, 2022; Cao et al., 2023). Second, the number of individual plots has a substantial negative influence on cost efficiency in the plains of China. The regression coefficients reveal that this influence is more significant and detrimental than in non-plain areas. This finding suggests that when land fragmentation occurs in the plains, the cost of labor and machinery operations rises substantially (Wang et al., 2020), leading to a more severe adverse impact.

Third, the level of education among agricultural decision-makers in the plains demonstrated a positive correlation with both cost efficiency and technical efficiency in rapeseed production. However, the relationship between education level and efficiency in the non-plains region was negative. This contrast may indicate that farmers in the plains can better integrate their acquired knowledge with their existing knowledge system and apply it to agricultural production effectively during more comprehensive agrotechnical training (Ruzzante et al., 2021). Fourth, the health status of agricultural decision-makers in the plains significantly affects all three categories of efficiency. Compared with allocative efficiency, technical efficiency is more substantially influenced by health status, as indicated by the regression coefficients.

Fifth, all three types of efficiency in the plains are significantly and negatively impacted by the proportion of hired labor. The negative effects of the proportion of hired labor in the plains are greater than those in the non-plains, as evidenced by the regression coefficients. Sixth, the estimated coefficient of rapeseed production subsidy is significantly positive at the 5% level. This finding suggests that the plains’ subsidy policy positively influences cost and technical efficiency. It also indicates that the plains’ subsidy policy may have adopted a more diversified and flexible approach to enhance subsidy effectiveness.

In addition, in non-plain areas, field limitations restrict the use of large and medium-sized machinery for rapeseed planting, plant protection, and harvesting. Small machinery, while usable, suffers from lower operating efficiency, thereby increasing operational costs. This situation discourages farmers from adopting mechanization, ultimately hindering efforts to improve production efficiency in rapeseed expansion (Tang et al., 2023).

These findings show that farm size expansion has a significant negative impact on the cost efficiency of rapeseed farmers in China, especially in non-plain areas. The number of individual plots, the level of education of agricultural decision-makers, and the health status of agricultural decision-makers also have significant effects on cost efficiency. These findings suggest that policies aimed at promoting sustainable agriculture and food security should consider the topographic differences in the impact of farm size expansion and other factors on farmers’ cost efficiency.





3.4 Further analyses on plot-level data

Solely relying on land-use right transfers to expand farm size can have negative consequences. Without measures to address land fragmentation and ensure continuous land use, this approach may lead to decreased production efficiency and weaken the economic benefits of larger farms (Guo et al., 2019; Gao and shi, 2019). Therefore, to further explore the moderating role of plot size in the effect of farmers’ scale of operation on the cost efficiency of rapeseed production, this section introduces the interaction term of plots for further analysis. Models 1, 2, and 3 are regression results based on cost, technical, and allocation efficiency, respectively.

Table 9 shows that plot size plays a negative moderating role in the effect of farm size on the cost efficiency of rapeseed production. In other words, the negative effect of farm size on cost efficiency decreases when the plot size is larger. Several reasons may explain these results. First, when land transfer results in an increase in rapeseed plot size and a decrease in land fragmentation, it encourages farmers to reduce inputs such as fertilizers and labor in rapeseed production (Liang et al., 2020), which effectively improves the cost efficiency of rapeseed production. Second, plot size is related to the fine fragmentation of arable land, which presents several challenges. On the one hand, the increase in ridge and furrow areas makes it difficult to operate or popularize large agricultural machinery. On the other hand, fine fragmentation of cultivated land hampers the effective control of large-scale pests and diseases (Petit et al., 2020; Kennedy and Huseth, 2022). Third, in the transfer market, either forming a contiguous plot with the original land location or transferring to a larger plot can improve technical efficiency, thus reducing the average cost per product unit. This suggests the presence of economies of scale at the plot level. However, it’s worth noting that while the simultaneous expansion of plot size and farmers’ scale of operation is beneficial to cost efficiency and technical efficiency, its effect on allocative efficiency is not significant.



TABLE 9 Effect of plot size on efficiency.
[image: Table comparing variables across three models: cost efficiency, technical efficiency, and allocation efficiency. Variables include farm size, education, health status, and more. Coefficients and standard deviations are listed, with significance levels at one, five, and ten percent marked by asterisks. All models share a sample size of three thousand eighty-eight.]

These findings have implications for sustainable food production and food security. Firstly, the negative moderating role of plot size in the effect of farm size on cost efficiency suggests that land consolidation policies that encourage the formation of larger contiguous plots can improve the cost-effectiveness of rapeseed production. This, in turn, can make rapeseed production more competitive and contribute to increased food production. Secondly, the economies of scale at the plot level suggest that larger plots can be more efficient in using inputs such as fertilizers and labor, which can reduce the environmental impact of rapeseed production and promote sustainable agriculture. Thirdly, the positive effect of plot size on technical efficiency implies that larger plots can adopt more advanced technologies and practices, which can increase productivity and contribute to food security. Fourth, policies should actively promote land consolidation to reduce fragmentation further. Larger plots enable the use of mechanized application techniques and equipment, which improves fertilizer efficiency, reduces production costs (Zhang and Luo, 2020), and contributes to greater productivity.




4 Conclusion and policy recommendations


4.1 Conclusion

This research investigates the economic efficiency of rapeseed production in China from 2018 to 2021, emphasizing the role of cost efficiency in promoting sustainable agriculture and securing food supplies. Through stochastic frontier analysis (SFA), we decompose cost efficiency into technical and allocative efficiency, analyzing the impact of operation scale and plot size on these efficiencies. Our study also considers regional and terrain-related differences in efficiency outcomes. The following points summarize our findings and their implications for sustainable food production and food security:

Firstly, our analysis revealed that rapeseed production in China exhibits room for improvement in cost efficiency. With technical efficiency at 0.740, allocative efficiency at 0.889, and overall cost efficiency at 0.670, there is a significant gap from the optimal cost frontier, indicating a potential 33% efficiency gain.

Second, the study shows an inverted U-shaped relationship between farm operation scale and cost efficiency, with differences across regions and terrains. This suggests that there is an ideal scale of operation for maximizing cost efficiency, beyond which efficiency declines. The variability in efficiency due to personal characteristics, resource endowment, and production traits highlights the complexity of achieving optimal cost efficiency.

Thirdly, in China’s eastern regions, cost efficiency peaks within a 10–30 mu operation scale before declining. This regional analysis shows that cost, technical, and allocative efficiencies are higher in the east compared to the central and western regions. The impact of farm size on efficiency varies by region, indicating that regional strategies are needed to optimize rapeseed production scales.

Fourth, our findings indicate a decline in technical and allocative efficiencies with the expansion of rapeseed production in non-plain areas, particularly notable in operations of less than 10 mu. The negative impact of larger farm sizes on efficiency was less pronounced in plain areas, suggesting that terrain plays a significant role in determining the optimal scale for rapeseed production.

Fifth, plot size was found to moderate the negative impact of operation scale on cost efficiency. Larger plot sizes can mitigate the adverse effects of increasing farm size on cost efficiency, pointing to the benefits of consolidating land for rapeseed cultivation. However, this does not significantly affect allocative efficiency.



4.2 Policy recommendations

Based on the findings from our research, we suggest a set of policy measures aimed at improving the economic sustainability of the rapeseed industry and thereby supporting sustainable food production and food security:

Firstly, there is a clear need to focus on enhancing both cost and allocation efficiency within the rapeseed sector to strengthen its global competitiveness. This involves, on one hand, reforming the factor markets to ensure equal financial opportunities for farmers regardless of their operation scale. Financial market reforms should aim at providing equitable loan access to support both small and large-scale rapeseed producers. On the other hand, enhancing scientific research, technological innovation, and the dissemination of technology in rapeseed production is essential. Efforts should be directed toward increasing the application of scientific and technological advancements in rapeseed cultivation, including the development of high-quality seed varieties, soil and fertilizer management improvements, and machinery advancements. Furthermore, economic studies on the rapeseed industry should be encouraged to identify optimal scales of operation and management practices that can lead to cost reductions and efficiency improvements.

Secondly, while promoting land transfers to realize economies of scale at the plot level, it is critical for local government entities to refine the agricultural land transfer system. This system should encourage the consolidation of fragmented land parcels and support continuous land transfers, moving away from the historically decentralized land transfer practices. Government agencies should guide the centralized transfer of agricultural land, leveraging policy support, land rights clarification, and service optimization to facilitate the aggregation of arable land. This strategy aims to diminish the excessive fragmentation of arable land, enhancing plot-level economies of scale.

Thirdly, provincial and municipal authorities are advised to develop rapeseed cultivation strategies that are tailored to the specific zonal characteristics, promoting a coordinated and sustainable regional development approach. Targeted policies should consider the unique natural resources, topographical conditions, farmland infrastructure, and familial resources of each region. For instance, in the eastern plains, where natural conditions and farmland infrastructure are superior, implementing crop rotations between rice and rapeseed on a scale of 10–30 mu could achieve significant economies of scale. Furthermore, encouraging a culture of knowledge and experience exchange among different rapeseed producing areas can create a supportive network, enhancing regional development synergistically.

These recommendations aim to guide policy formulation toward enhancing the rapeseed industry’s efficiency, contributing to the broader objectives of sustainable agricultural practices and food security. By addressing financial accessibility, technological advancement, land management practices, and regional development strategies, these policies can support the rapeseed industry’s evolution into a more economically sustainable and ecologically responsible sector.



4.3 Research limitations and prospects

While our study contributes new evidence for sustainable agricultural development in China, it has limitations. First, data availability restricts our analysis to the year 2021; ongoing data collection will enable extended research. Second, we focused on cost-efficiency as a metric for agricultural sustainability. Future research could broaden this scope by examining the impact of land consolidation on green total factor productivity.
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Introduction: The lack of access to a diverse and nutritious diet has significant health consequences worldwide. Governments have employed various policy mechanisms to ensure access, but their success varies.
Method: In this study, the impact of changes in food assistance policy on food prices and nutrient security in different provinces of Iran, a sanctioned country, was investigated using statistical and econometric models.
Results: Both the old and new policies were broad in scope, providing subsidized food or cash payments to the entire population. However, the implementation of these policies led to an increase in the market price of food items, resulting in a decline in the intake of essential nutrients. Particularly, the policy that shifted food assistance from commodity subsidies to direct cash payments reduced the price sensitivity of consumers. Consequently, the intake of key nutrients such as Vitamin C and Vitamin A, which are often constrained by their high prices, decreased. To improve the diets of marginalized populations, it is more effective to target subsidies towards specific nutrient groups and disadvantaged populations, with a particular focus on food groups that provide essential nutrients like Vitamin A and Vitamin C in rural areas of Iran.
Discussion: More targeted food assistance policies, tailored to the specific context of each province and income level, are more likely to yield positive nutritional outcomes with minimal impact on food prices.
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1 Introduction

A high-quality and nutritionally balanced diet is essential for health, well-being, learning, and workplace efficiency (1, 2). Achieving a healthy diet requires consuming a diverse range of food items (1, 3, 4). A balanced diet not only supplies the required energy for daily activities but also provides essential nutrients for growth and repair, thereby fostering strength and overall well-being (5). Merely focusing on calorie intake is insufficient to achieve a healthy diet (1). Half of the deaths related to diet are attributed to an improper balance of nutrients. Unhealthy diets are associated with the increasing prevalence of non-communicable diseases, such as obesity and overweight, globally (6, 7). Presently, the selection of food choices that impact balanced nutrition is predominantly influenced by factors such as price, convenience, taste, and health considerations (8). The impact of high food price inflation extends beyond macroeconomic stability and also affects small farmers and impoverished consumers in developing countries, where a significant portion of their income is allocated to food consumption (9). Food prices, especially those of fruits, vegetables, and proteins, strongly influence what is purchased and consumed, particularly among the poor (10). Food prices play a significant role in consumer food choices, which has implications for human health (11, 12). There is a clear association between food prices and consumer behavior (13, 14). To discourage unhealthy diets, various financial policies have been implemented worldwide (12, 15, 16). Developing a range of food assistance programs in different forms is a policy approach aimed at addressing the direct and indirect impacts of rising food prices on people’s health, particularly in developing countries (11, 17).

Governments often adopt food assistance policies as measures to enhance human capabilities (18). These policies, including direct and indirect subsidies, ensure that individuals with low incomes have access to healthy diets, leading to positive public health outcomes (15, 19, 20). Food assistance policies have been implemented in various settings and forms (11). Countries such as India, Bangladesh, Ethiopia, Zambia, Egypt, Algeria, Tunisia, and Iran, with different income levels and economic structures, have utilized non-targeted subsidies as food assistance programs to improve their residents’ nutrient quality and food security (15). However, most of these policies are non-targeted, as identifying eligible recipients requires accurate data and a proficient bureaucracy for implementation and oversight. Without such investments, the intended benefits may not reach impoverished households (11, 21). In developed countries, the situation is different. In the U.S., for example, the Supplemental Nutrition Assistance Program (SNAP) is a targeted policy designed to support low-income households (22, 23). Non-targeted reallocation of government subsidies (RGS) in Iran was formally launched on 18 December 2010. This policy involved phasing out public food and energy subsidies and replacing them with countrywide cash transfers (24). Under this policy, all individuals received an equal cash payment per month, regardless of their income level. This non-targeted approach differs from targeted policies that specifically assist low-income individuals. In Iran, the subsidy reform was initially well-received, as all citizens received the cash payment without any protests, unlike in countries such as Nigeria, Pakistan, Bolivia, and Indonesia, where the end of food subsidies led to citizen protests (11, 24). However, concerns have been raised regarding the impact of this reform on public health and the nutritional status of vulnerable households. Therefore, it is crucial to gain an evidence-based understanding of how this policy has affected the nutrition and health outcomes of households in different geographical locations.

Some studies have found that changes in government assistance for commodities precede significant increases in food prices (11, 25). Conducting an accurate evaluation of how demand responds to changes in prices and income resulting from the Reallocation of Government Subsidies (RGS) is crucial for making optimal policy decisions (26). Households residing in areas where food prices are already higher than the national average may face challenges in affording an adequate supply of nutritious food (22). Some studies have indicated that the price effect of implementing subsidy policies on nutrition, including calorie, protein, and fat intake, is negligible. However, these studies were limited in their consideration of only three nutrient categories (27). Another study has shown that the welfare of Iranian households decreases after implementing subsidy reforms, with urban households experiencing a greater decline compared to rural households. However, this study did not examine the nutrition and food security of Iranian households (11). Some scholars contended that implementing higher tax rates as a government policy is an effective strategy for reducing purchases or consumption. It has been observed that the impact of taxes on consumer behavior varies across income levels, with the lowest-income groups exhibiting the highest degree of responsiveness (28).

In this paper, we aim to bridge this knowledge gap by investigating the effects of a non-targeted food assistance program in Iran, known as the RGS, on per capita intake of calories, proteins, fats, carbohydrates, calcium, iron, vitamin A, vitamin B3, and vitamin C. This study holds global significance as it contributes to the understanding of the impact of government food assistance policies on nutrition outcomes, providing valuable insights that can inform policymakers not only in Iran but also in other countries facing similar challenges. By examining the effects of the Reallocation of Government Subsidies (RGS) program on nutrient intake and nutritional security, this study offers a framework for evaluating the effectiveness of non-targeted food assistance programs worldwide. Understanding the interplay between subsidy reforms, food prices, and nutrition outcomes is crucial for designing evidence-based policies that can improve the health and well-being of populations globally, particularly in the face of increasing prevalence of non-communicable diseases and rising food prices. Ultimately, the findings of this study can contribute to the development of more effective and targeted food assistance strategies that promote healthier diets and enhance public health on a global scale. Therefore, our objective is to assess the impact of Iran’s policies at the provincial level to determine which ones contributed to increased nutritional security. Figure 1 illustrates the potential mechanism through which the reallocation of government subsidies (RGS) can affect nutrient intake.

[image: Flowchart depicting food accessibility and its impact on nutrition intake and health status. Factors include purchasing power, food price, income, and other variables such as household size and education. Social services and infrastructure influence nutrition intake, affecting health status through nutrients like energy, protein, and vitamins. Implementation of targeted subsidies can adjust food accessibility within natural, policy, and social environments.]

FIGURE 1
 Conceptual relationship between the implementation of the targeted subsidies policy and the nutrient intake.


This figure depicts the hierarchical relationship between subsidy reform, food prices, and nutrition status, highlighting the impact of removing general subsidies for food and fuel on nutrition. What were the implications of reallocating the subsidies to provide direct fixed cash payments to all individuals, rather than indirect subsidies on commodities? How would the diagram differ if it analyzed the effects specifically for the poorer sectors of Iranian society? This study makes several contributions to the literature, including extracting the elasticities of all food groups through a partial equilibrium framework, considering geographical variations throughout Iran, empirically documenting the link among food prices, government subsidy reformation, and nutrition security, considering the interaction between the reform policy and nutrient outcomes simultaneously. Four questions will be addressed in this study. (1) How did food prices change over time and what is the interaction of price changes with implementing new assistance policies? (2) Did the RGS affect nutrient intake by surging the price of more nutritious food groups? (3) How did the intake of different food groups vary with variations in the prices of specific food commodities? (4) How did changes in nutrition intake after implementing RGS vary by socio-economic indicators?


1.1 Theoretical framework

To follow the objectives of the current study, we applied the following framework in three levels. At the micro-level, this study focuses on individual behavior and decision-making regarding food choices. This study emphasizes some factors such as price, convenience, taste, and health considerations that influence the selection of food items and overall nutrition. High food prices, especially for essential nutrients, can impact what individuals purchase and consume, particularly among low-income populations. Therefore, this study acknowledges the role of financial policies, such as subsidies and taxes, in shaping consumer behavior and promoting healthier diets. At the meso-level, this study examines the impact of government food assistance policies on nutrition outcomes and health at the provincial level in Iran. It considers the implementation of both old and new policies and their effects on food prices, nutrient security, and overall health outcomes. The study emphasizes the importance of targeting subsidies toward specific nutrient groups and disadvantaged populations, particularly in rural areas, to improve the diets of marginalized populations. At the macro-level, it focuses on the broader implications of government subsidy programs on public health and well-being. It recognizes that a high-quality and nutritionally balanced diet is essential for overall health, learning, and workplace efficiency. It acknowledges the association between unhealthy diets, non-communicable diseases, and rising food prices. It also highlights the role of food assistance policies in enhancing human capabilities and ensuring access to healthy diets, particularly for individuals with low incomes. Finally, this study emphasizes the importance of evidence-based policies that consider the interplay between subsidy reforms, food prices, and nutrition outcomes in addressing global challenges related to non-communicable diseases and increasing food prices.




2 Methods and materials

To analyze the data on food prices and household expenditure, we employed a generalized linear mixed model (GLMM) approach. In terms of the econometric model, demand equations were estimated for various nutrients, including calories, proteins, fats, carbohydrates, calcium, iron, vitamin A, vitamin B3, and vitamin C. This estimation was conducted using a Panel-Data approach spanning the years 1998 to 2020 (1). The specification of the model is theoretically linked to the health production function model proposed by Thomas (29), in which health or nutritional outcomes are considered as outputs that depend on multiple inputs (29). To estimate the elasticities of the key variables, we utilized Equation (1).

[image: Mathematical equation featuring multiple variables and summations, illustrating a complex statistical model with terms like \(LnN_{ikt}\), \(RGS\), and various summation symbols. The equation incorporates coefficients, logarithmic functions, and product terms, indicating a sophisticated relationship between variables in a research context.]

The dependent variable is the logarithm of ith nutrient consumed by kth province in time t, RGS was coded as 0 for 1998–2020 when the policy had not been started and 1 for data gathered after the program was implemented, LnPjkt is the logarithm of the jth food group price index in kth province in time t (for 13 food groups), as shown in Table 1, LogFshar is the logarithm of food expenditure share of total monthly income, LogHIncome is the logarithm of total household expenditure, LogHSize is the logarithm of household size, LogHAge is the logarithm of age of household head, LnHStudents is the logarithm of the number of students in the household, LogHemployee is the logarithm of the number of household members currently employed, and LogHarea is the logarithm of home area (Square Meters) in kth province in time t, and [image: Italic lowercase letter "u" with subscript "it".] the error term of ith nutrient consumed in time t. Table 1 shows the summary statistics of selected household variables. The price indexes were estimated by Laspeyres method for 13 food groups in 30 provinces. Due to a large number of variables, fixed-effects models were used for these analyses, as there were insufficient degrees of freedom to fit province as a random effect.



TABLE 1 Definition and summary statistics of variables used in models.
[image: Table displaying variable names and definitions. It lists various price indices, such as cereals and meats, all in logarithmic form, along with household characteristics like food share, income, size, head age, number of students, employees, and home area measured in square meters.]

To evaluate the effect of reallocation of the subsidies on food prices and nutrient intake, the elasticities of Equation (2) were used as below:

[image: Mathematical equation showing a linear combination to calculate ΔNᵢ. It includes summations of αⱼΔPⱼ and δⱼRGS×ΔPⱼ from j=1 to 14, plus terms β₄ΔIncome and β₅RGS×ΔIncome.]

[image: The image shows a stylized symbol combining a circle with a diagonal line through it, intersecting with the letter "N".] is the percentage change of nutrient intake after the RGS, [image: Mathematical expression consisting of a Greek letter "phi" with a slash through it, followed by the letter "P" and a subscript "j".] is the percentage change of the price of food group j, and [image: Symbol for average, a slashed circle, precedes the word "Income" in italic script.] is the percentage change of the household expenditures. If the difference between the effect of price and expenditure is positive, the policy led to increasing nutrient intake. If this difference has a negative sign, the policy has reduced nutrient intake. The impact of the RGS was estimated from the interaction effects between the coefficient for each variable and the RGS coefficient, which were different before (coefficient set as 0) and after imposition of the RGS. For instance, the effect of income before the RGS equals [image: Greek letter beta subscript four, shown in a mathematical font style.] and after that was established it equals ([image: Sorry, I cannot generate alternate text based on the content provided. Could you please provide an image or describe its contents?]. The details of our sample construction are included in the next section.



3 Sample description

The data utilized in this analysis were obtained from the annual nationwide household food consumption survey conducted by the Consumer and Food Economics Statistical Center of Iran. The survey covered rural areas in each province simultaneously and included approximately 260,000 households across all 30 provinces. For this analysis, the data used were derived from usable food quantities, with food waste eliminated using waste coefficients suggested by the National Nutrition and Food Technology Research Institute. The data covered the period from 1998 to 2020.

To convert food quantities consumed at the household level into nutrition components, we employed the locally available food composition table. The quantities of nutrients consumed per household were calculated by multiplying the quantity of each food consumed by the household with the percentage of each nutrient available in each unit of food. These nutrient data were collected by the National Nutrient and Food Technology Research Institute of Iran in 2008. By summing up the respective nutrient quantities, we obtained an approximation of the amount of each nutrient available for consumption by the household every month.

To determine the nutrient intake per adult person per month, the estimated total nutrition was divided by the household size, using the method described by Gebre to account for variations in household member ages and consumption patterns (30, 31). Additionally, we calculated the average daily calorie intake per adult for each province. As individuals do not consciously purchase specific quantities of calories or other nutrients, but rather choose food groups based on taste and price, it is relevant to discuss the indirect demand for calories and other nutrients (32).



4 Results

During the period of analysis (1998–2020), price indexes were estimated for each food group. It was observed that the prices of all food groups increased, although not at a consistent rate. According to consumer behavioral theory, changes in food prices can impact food consumption patterns and nutrient intake over time (33).

The regression analysis examining the interaction between price changes over time and the RGS policy revealed a significant impact of the RGS on food price inflation. Specifically, prices demonstrated a faster rate of increase during the period when the policy was implemented, as indicated in Table 2. This can be observed by the steeper slope of the relationship and the lower intercept following the policy implementation, as described by Equation 1. Following the implementation of the RGS, which aimed to enhance households’ purchasing power through cash transfers, food prices generally experienced a more rapid increase. However, it is important to note that in many provinces, the implementation of the RGS counteracted, at least in the short term, an inflationary price surge that could have restricted access to a wide range of nutritious food options.



TABLE 2 The effect of the RGS on the intercept and slope of the food group price by provinces during 1998–2020.
[image: A table displaying coefficients and their significance levels for various food categories across different provinces. Each row represents a variable, and each column represents a food category such as cereals, red meat, chicken meat, fish meat, and more. Significance levels are indicated with asterisks: one for ten percent, two for five percent, and three for one percent. The table provides values for constants, year effects, and province effects on food categories, highlighting regional consumption patterns.]

The analysis further reveals variations in nutrient prices across different provinces. The coefficients presented in Table 2 indicate the effects on the regression intercepts for the price-time relationships. For instance, in Tehran, the heavily populated capital city of Iran, red meat and fruit had the highest prices. This is likely because Tehran relies heavily on food imports from other provinces since it does not produce most of its food locally. Conversely, Mazandaran province, known for its chicken meat production, had the lowest coefficient for chicken meat prices in Table 2. This suggests that chicken meat is more affordable in Mazandaran compared to other provinces.

The regression analysis presented in Table 3 demonstrates that the RGS policy had a significant inverse effect on the intercept and a non-significantly positive impact on the slope of nutrient intake. This indicates that although nutrient intake declined over time compared to the period before the implementation of the RGS, the decline was slower after the policy was introduced. Further investigation into the province effect on the nutrient intake model, as shown in Table 3, revealed that certain provinces such as Ardebil, Azerbaijan Gharbi (Azghar), Azerbaijan sharqi (Azshar), Mazandaran, Kurdistan, and Kermanshah had higher carbohydrate intake compared to other provinces. This can be attributed to the higher production and consumption of cereals in these provinces, which are rich in carbohydrates and starch. Before estimating the model, the presence of multicollinearity among all independent variables was examined using the variance inflation factor (VIF) test. The results indicated that there was no significant correlation among these variables. Following the regression analysis, an econometric partial equilibrium model (Equation 1) was employed to delve deeper into the results, as shown in Table 4. The first stage estimation revealed that the explanatory variables accounted for up to 90% of the nutritional status. Durbin-Watson and Jarque-Bera’s statistics indicated that none of the assumptions of the models (normality of residuals, homoscedasticity, and residual autocorrelation) were violated. In terms of the coefficient of the RGS, it exhibited a higher value in the functions describing the intakes of vitamin A and vitamin C, while a lower value was observed for protein. This suggests that during the policy years, the greatest impact was related to vitamin A and vitamin C intake.



TABLE 3 The effect of the RGS on the intercept and slope of the nutrient intake by provinces during 1998–2020.
[image: A detailed table presents statistical data on nutrient intake, showing variables such as Calorie, Protein, and Fat across different provinces, with coefficients and significance levels noted by asterisks. Significance levels are indicated by *, **, and *** for ten percent, five percent, and one percent, respectively. The dependent variable is the logarithm of nutrient intake.]



TABLE 4 The effect of the RGS on nutrition intake in Iran rural area.
[image: A table presents variables associated with nutrient intake, displaying coefficients for energy, protein, fat, carbohydrates, calcium, iron, and vitamins A, B3, C. Variables include factors like cereal, meat types, and household characteristics. Significance levels are indicated by asterisks, with one, two, or three asterisks representing significance at 10, 5, and 1 percent, respectively. The dependent variable is the logarithm of nutrient intake.]

The coefficients in Table 4 do not suggest that nutrient intake increased due to the negative effects of food prices on nutrient functions. Rather, they indicate that the rate of reduction in nutrient intake over time was slower compared to the period before the implementation of the RGS policy. The intake equations presented in Table 4 demonstrate how the intake of different nutrients varies in response to changes in food commodity prices. The coefficients of the food commodity price elasticities offer insights into the complex relationship between price and nutrition. As expected, most of these coefficients are negative, indicating that as prices rise over time, nutrient intake tends to decline. For instance, an increase in cereal prices leads to a reduction in energy intake but an increase in the intake of Vitamin A and Vitamin C. This can be attributed to the relatively larger inflation in cereal prices compared to other nutrient groups, as shown in Table 2. As a result, consumption shifts from cereals to fruits and vegetables, which experience less price inflation. The presence of the RGS policy modifies these interdependencies, as indicated by the significant deviations from zero for the RGS*price interactions. This effect is particularly pronounced for certain groups, such as the impact of the price of sweets combined with the change in purchasing power resulting from the RGS. This significantly affects the intake of most nutrients. In other words, the cash provided by the RGS enables additional expenditure on sweets, leading to an increased proportion of intake from nutrient-poor but calorie-dense foods. Overall, the relationship between price and nutrient intake is complex, with the RGS policy influencing these dynamics by altering consumption patterns and the affordability of different food items.

Some scholars found an increase in the price of sweets in both low-income and high-income countries was associated with reduced consumption of sweets and increased consumption of all other food items, except fats and oils (14). Regarding the impact of red meat prices, the study revealed negative and significant effects on protein, calcium, iron, and vitamin B3 intake. However, it was positively and significantly associated with vitamin A intake. The price of poultry meat had negative and significant effects on fat intake (p < 1%), carbohydrate intake (p < 10%), calcium intake (p < 1%), and vitamin B3 intake (p < 1%). Conversely, it had a positive effect on vitamin C intake (p < 5%). Following the implementation of the RGS policy, the coefficient of the poultry meat price change caused a shift in calcium intake from negative to positive. Analyzing fish meat prices (Table 4), it was observed that after the RGS, an increase in fish prices had a significant negative effect on calcium and protein intake. As for vegetable oil, after the price increase due to the RGS, it hurt energy intake, protein intake, fat intake, and carbohydrate intake, while it had a positive and significant effect on calcium intake, iron intake, vitamin A intake, and vitamin B3 intake. However, its effect on vitamin C intake was found to be insignificant. After the policy implementation, the coefficient for vitamin C remained negative, while the coefficient for vitamin A became negative. This suggests that vegetable oil was substituted for animal fat after the RGS. The price of dried fruits had a negative and significant effect on all nutrient groups, except for three. Similarly, the price of fruits had a significantly negative effect on vitamin C intake, vitamin A intake, iron intake, calcium intake, and fat intake. Before the RGS, the increase in spice prices led to a decrease in nutrient intake, except for calcium (insignificant). However, after the RGS, the price of spices had a significant effect only on fat intake, vitamin A intake, and vitamin C intake, indicating a change in the relationship between spices and other foods. Lastly, the share of household expenditures on food had a positive effect on all nutrient functions, implying that as the share of household expenditures allocated to food increased, nutrient intake also increased.

After the implementation of the RGS policy, a 1% increase in all prices and household incomes resulted in a decrease in the intake of various nutrients. Specifically, there was a decrease in calorie intake by 0.018%, protein intake by 0.036%, fat intake by 0.041%, carbohydrate intake by 0.045%, calcium intake by 0.041%, iron intake by 0.003%, vitamin A intake by 0.074%, vitamin B3 intake by 0.053%, and vitamin C intake by 0.069%. Furthermore, the analysis of socioeconomic determinants revealed certain associations with nutrient intake. The size of the household and the number of students were found to be significantly and inversely related to some nutrient intakes. In other words, larger households and households with more students tended to have lower intakes of certain nutrients. On the other hand, the age of the household head had a significantly positive effect on all nutrient functions, except for vitamin A and vitamin C. This means that as the age of the household head increased, nutrient intake tended to be higher across various nutrients, except for vitamin A and vitamin C. These findings highlight the influence of prices, household income, and socio-economic factors on nutrient intake, providing insights into the complex dynamics of food consumption and nutrition.

The study demonstrates that the RGS policy had a positive impact on nutrition by mitigating the effects of price changes and maintaining nutrient intake, despite a period of rapid price inflation. The magnitude of price inflation differed across food groups, and the RGS helped attenuate the negative impact on nutrient intake. Among the nutrients, the greatest decrease after the RGS was observed in vitamin A intake, with a reduction of 0.074%. Following vitamin, A, vitamin C showed the second-largest decline. Fruits and vegetables are known to be excellent sources of vitamin C, and their intake may have been affected by the changes in prices. These findings underscore the importance of considering the specific nutrient content of different food groups and their affordability when assessing the impact of price changes on nutrition. The RGS policy played a crucial role in preserving nutrient intake, particularly for vitamin A and vitamin C, despite the challenges posed by the period of rapid price inflation.



5 Discussion

After the implementation of the RGS, which involved non-targeted income transfers to adults that could be used for any household expenditure, food prices generally experienced a relatively faster increase compared to the pre-policy period. Among food groups, sweets, and dried fruits showed the largest price increases. By estimating price elasticities and analyzing nutrient intakes, the study revealed that after the RGS, price changes had a lesser impact on nutrient intake compared to before the policy was introduced (34). Despite the period of rising prices, the RGS provided increased purchasing power. However, its effect on nutrient intake was complex, as the purchasing patterns of different food items changed in response to price fluctuations, resulting in dietary changes. It is important to note that the impact of the RGS policy varied across nutrient groups, and provincial factors played a significant role. Geographical variation emerged as one of the key factors that need to be considered when formulating or modifying policies. These findings highlight the need to consider regional factors and the diverse effects of policies on different nutrient groups. Understanding and addressing geographical variations can contribute to the development of more effective policies aimed at improving nutrition and addressing food price dynamics (22, 35).

The price elasticity of cereal, fish meat, legumes, and spices groups did not change for energy intake after the implementation of the RGS. However, the elasticity of sweets became positive, indicating that as food prices increased, people tended to preferentially purchase sweets. This shift toward consuming more energy-dense but nutrient-poor food items with high sugar content, combined with reduced physical activity, has implications for increased rates of obesity (36). Sweet foodstuffs and beverages, which have a strong hedonic appeal, particularly among children and young people (37), have been identified as potential contributors to the obesity epidemic not only in Iran but globally, especially in developing countries (38, 39). Dried fruits play a significant role in household diets as they are important sources of calcium, vitamin A, and antioxidants. Before the RGS, dried fruits had a more positive effect on calcium, vitamin A, and protein intake. However, after the policy implementation, a 1% increase in the price of dried fruits resulted in a decrease in energy intake by 0.102%, carbohydrate intake by 0.248%, calcium intake by 0.113%, iron intake by 0.250%, and vitamin B3 intake by 0.290%. Increasing fruit prices also led to a reduction in nutrient intake. Fruits are essential sources of vital nutrients such as dietary fiber, potassium, vitamin C, and folate, which are often under-consumed. After the RGS, the impact of rising fruit prices had a stronger effect on the coefficients of overall calcium intake (reduction of 0.501) and iron intake (reduction of 0.167).

After the implementation of the RGS, increases in household income did not have a significant effect on nutrient intake, except for energy and carbohydrate intake. It is important to consume sweets and fats sparingly due to their high caloric content. Sweets are not recommended as a fundamental food group, and their consumption should be limited due to their chronic health effects (40). While the increment in household income resulting from the RGS policy provided households with sufficient purchasing power, it did not lead to a significant improvement in food and nutrition security (41). The policy-induced income increases only had a positive and significant impact on carbohydrate and energy intake. While calorie intake was maintained, nutrient security was not ensured. Although the RGS was implemented during a period of global food price volatility, the counterfactual scenario of “what would intake rates have been if the RGS had not increased purchasing power?” might have resulted in even worse health outcomes. Therefore, the policy potentially prevented a more detrimental situation in terms of health. However, it is worth noting that the RGS led to increased consumption of sweets, as indicated by the interaction coefficient between the policy and sweet consumption. This higher consumption of sweets contributes to the rise in obesity and overweight cases in Iran (42). In Iran, the rates of obesity, as measured by the BMI index, NCHC, and percentile above 95, were 17.4, 7.6, and 7.4%, respectively. Obesity in Iran is twice the global average. The increased consumption of sweets due to the policy may pose a public health risk. These findings emphasize the need for comprehensive measures to address the potential negative impacts of increased sweet consumption and the associated rise in obesity rates. Efforts to promote healthier dietary choices and combat obesity should be considered alongside income-related policies to ensure improved overall health outcomes.

After the implementation of the RGS, the price increase in the vegetables and fruits group had a greater negative effect on vitamin C compared to other food groups. Vitamin C deficiency can lead to scurvy, a potentially life-threatening condition. The antioxidant properties of vitamin C also help stabilize folate in food and plasma. Increased excretion of oxidized folate derivatives can contribute to the incidence of scurvy in humans (43). The results of the study confirmed a negative association between household size and nutrition intake. As households grow in size, the constraints on food budgets reduce the accessibility of adequate nutrition. While some studies have found a positive relationship between household size and food security, those studies did not specifically focus on nutrition security. Food security may have been maintained due to an increase in household members participating in the labor force (44, 45). Other studies have found an inverse relationship between household size and food security (46, 47). The age of the household head has shown a positive association with nutrient intake in various studies (48, 49). Older household heads may exhibit more conservative food choices, which can have a positive impact on nutrient intake. The increase in the age of the household head is likely linked to greater experience and knowledge of nutrient needs (47, 50). After the RGS, the age of the household head was significantly and positively associated with the consumption of fat, iron, and vitamin C. The share of food expenditure also had a significant direct impact on all nutrient intakes.

Providing subsidies to all adults to support healthier eating during a period of rapid price inflation had a range of positive and negative effects due to changing purchasing habits, some of which were unexpected and had unexpected impacts on dietary nutrient intake. Nevertheless, despite impressive economic growth and increasing per-capita income in recent decades in Iran, households still face nutrient deficiencies. The study found that the RGS had the greatest negative effect on vitamin A, followed by vitamin C intake. For the non-meat animal products group (milk, cheese, and eggs), price increases had the most detrimental effect on vitamin A intake, particularly among low-expenditure households.


5.1 Strengths and limitations of the study

Among the economic and policy models that focus on the impact of food assistance programs on food security and nutrition, some studies (46, 51), have only examined the effect of price and income changes on calorie intake at a country level. In our analysis, we investigated the effect of these changes on nutrient intake at the provincial level. For instance, some scholars have used food group elasticity at the national level to study the impact of food price increases on nutrient intake during a recession (46). Our study’s geographic specificity is novel, and we presented a comprehensive and theoretically consistent analytical framework to support its usefulness. While some studies have attempted to explore the direct and indirect effects of food price shocks using yearly data and information on nutrition and malnutrition (1, 26, 46), most of them have relied on inadequate data from specific regions or countries and have not utilized large datasets. In our study, we analyzed the impact of food price shocks through the implementation of a government subsidy policy shift, with a focus on geographical patterns. Certain studies argue that obtaining precise quantitative measures of dietary intake is time-consuming and requires a significant number of nutritional experts to create extensive food composition databases for data analysis and collection (11). However, in our study, nutrient intake was calculated with minimal errors. It is crucial to develop a model that allows for the investigation of interaction effects resulting from policy implementation. In contrast to studies that have solely evaluated the impact of new assistance programs in Iran through inter-sectoral analysis of food consumption and household welfare (11), our study meticulously examined the effect on household nutrient intake.

This study does share some limitations with other studies. Firstly, calculating household nutrient intake using large datasets was time-consuming and complex, making human errors inevitable. Secondly, due to the size of the dataset used in this study, there may be biases in the results, as demonstrated by other studies (52).



5.2 Conclusion and policy implications

The policy that governs the distribution of subsidies holds significant importance for impoverished households. In Iran, the current practice of providing direct payments to all individuals without considering their specific needs has led to inappropriate and detrimental consequences in terms of food access for the poor. Our research strongly suggests that further investigation is needed in order to address these issues. Allocating subsidies specifically to impoverished households would not only help preserve government financial resources but also improve nutrition security. This study utilized the best available micro-sectoral data in Iran to analyze the impact of the implemented RGS on nutrient intake across distinct areas of the country. The differential rates of commodity price inflation and changes in food group consumption in various provinces have created a complex relationship between prices and nutrient intake, yielding both positive and negative effects. For instance, increased cereal prices resulted in higher vitamin intake through reduced cereal consumption and increased vegetable consumption, which was an unforeseen effect for non-economists, particularly those outside of the US and Europe. Economists who solely rely on static single market/commodity approaches would not have been able to predict this with the precision achieved through our combination of sound economic theory, robust data, and sophisticated econometric modeling. To mitigate the undesirable effects of the RGS, it would be beneficial to implement a policy that controls and reduces fluctuations in food prices, particularly for foods that are vital in addressing vitamin deficiency. To increase vitamin A consumption, which is highly sensitive to price increases, “food grants” could be provided to impoverished households based on their income and expenditure. These grants could include dairy products and other commodities rich in different sources of vitamin A. Additionally, the government could implement an educational program to raise awareness among households about the importance of vitamin A and vitamin C and provide guidance on various methods to maintain an adequate intake. Policymakers and stakeholders should reevaluate socio-economic factors, such as household size, number of students, and geographical location, in order to develop a new nutrition policy that improves the nutrient status of the population. The impact of the RGS on nutrient intake varied significantly from one province to another, highlighting the necessity of formulating geographically targeted policies rather than implementing a uniform policy for the entire country. Implementing a program similar to the Supplemental Nutrition Assistance Program (SNAP) in the United States to compensate for reduced nutrition intake is imperative. As demonstrated by our results, nutrition policies should consider geographical variations and socioeconomic factors to identify areas where households suffer from nutrient deficiencies.



5.3 Recommendation for the future studies

In this study, we utilized a generalized linear mixed model approach to examine the impact of the RGS on health outcomes, using nutrient intake as an indicator of overall health status. Although we didn’t employ sophisticated techniques, such as a computable general equilibrium (CGE) model, to comprehensively analyze all aspects of implementing the RGS in Iran, our findings strongly suggest that future studies should consider the geographical variations in the implementation of the RGS within the country to develop and recommend appropriate policies. While a partial equilibrium analysis may seem straightforward and practical for evaluating the effects of a specific policy on health outcomes and nutrition intake, this approach may yield inaccurate results by neglecting inter-sectoral relationships (11). To obtain more precise and appropriate findings, employing a general equilibrium framework would be advantageous. This would allow for a comprehensive assessment of the complex interactions and feedback effects among different sectors and the economy as a whole.
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Agriculture is crucial for the economy and individuals, and there is a pressing need to improve its quality, efficiency, and competitiveness in emerging countries. This study uses data from Chinese-listed companies to investigate the effect of trade credit on agricultural firms’ total factor productivity. The results demonstrate that trade credit access and provision can increase agribusinesses’ total factor productivity. Heterogeneity analysis reveals that access to business credit has a higher contribution to total factor productivity for agribusinesses in the primary sector, for firms in the versus maturity stage, and with low or medium supplier concentration. The provision of trade credit has a more pronounced positive impact on agribusinesses in the maturing stage and enterprises with low or medium customer concentration. This paper further validates the channels of action through which trade credit affects a firm’s high-quality development. This research makes a valuable contribution to enhancing the quality and productivity of China’s agricultural sector.
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Introduction

Agriculture and its associated sectors play a crucial role in China’s national economic progress, serving as a significant source of livelihood and influencing societal peace and stability. China has embarked on a new phase of actively encouraging the revival of rural areas and expediting the modernization of agricultural and rural regions. Agricultural transformation and upgrading are both urgent and long-term strategies for China’s agricultural development (Wang et al., 2022). According to available data, China’s contemporary agriculture-related sectors are developing rapidly. Nevertheless, China’s agriculture-related industries continue to face issues and obstacles, including an irrational industrial structure, low technological advancement, and challenges to achieving sustainable development. Promoting high-quality development in the contemporary agriculture sector is a crucial problem in the context of China’s economy.

Enhancing the organization of the agriculture sector and improving its technical proficiency necessitate financial backing (Sokolova and Litvinenko, 2020). However, the scale of China’s agriculture-related industries is small, the industrial structure is not complete, and financing is difficult (Ren et al., 2019). Some agricultural enterprises find it difficult to meet bank requirements in terms of business scale, asset quality, collateral, and so on, as well as to obtain bank credit support (Yi et al., 2021). Informal finance is essential for supporting the growth of companies facing challenges in obtaining funding from traditional banking institutions (Ayyagari et al., 2010).

Trade credit is a significant element of informal financing (Cull et al., 2009). It pertains to the commercial practice of businesses providing items to clients and granting them the option to delay payment (Ding et al., 2023). Agricultural businesses typically have extensive production, supply, and marketing chains at the enterprise level. The production process, from agricultural products to transporting raw materials, processing, and sales, involves a lengthy time cycle. Trade credit may efficiently reduce capital risks and borrowing costs during the manufacturing and marketing phases (Deshmukh, 2022). With the development of supply chain finance, agribusinesses usually choose trade credit such as prepaid accounts for financing at the production and procurement stages, and by publicizing the design of commodity production, manufacturers with the intention of purchasing will provide a portion of the funds as support (Gashayie and Singh, 2015). Monetary financing through prepayment prevents firms from facing obstacles in obtaining total operating funds from banks owing to other issues in the traditional business process. Utilizing trade credit ensures the seamless continuation of company production (Wang et al., 2013). The core enterprise can finance agribusiness during the sales stage by providing accounts receivable financing. Accounts receivable from product sales can serve as collateral for financing, with the expectation of a return of funds upon completion of the sale (Wang, 2014).

This article is highly relevant to the studies of Grau and Reig (2018) and Detthamrong and Chansanam (2023). The study conducted by Detthamrong and Chansanam (2023) examines the correlation between trade credit and the performance of agribusinesses in Thailand. The research focuses on Thai-listed agricultural firms from 2001 to 2020. The findings reveal that agribusinesses that invest in trade credit experience a substantial enhancement in their business performance. However, failing to recover the trade credit can adversely impact the firm’s cash flow, impeding business growth. Using European agri-food business panel data, Grau and Reig (2018) examined how trade credit affected corporate profitability throughout the European crisis. Grau and Reig (2018) indicated that boosting trade credit to the business during this period can boost market visibility and profitability. Furthermore, as noted by Grau and Reig (2018), the influence of trade credit on corporate profitability may vary depending on factors including company size and nation.

This research examines how trade credit affects agricultural enterprises’ high-quality growth. It concludes that trade credit availability and supply boost Chinese agricultural enterprises’ TFP (Total Factor Productivity). Heterogeneity demonstrates that obtaining trade credit is conducive to increasing the productivity of all elements in traditional agricultural companies, growing enterprises and enterprises with low concentration of suppliers. Trade credit supply has a more pronounced stimulating impact on mature enterprises and enterprises with low customer concentration. By conducting a mechanism test, it has been shown that the availability of trade credit for firms can alleviate financial limitations and substantially enhance their level of innovation. And offering trade credit reduces inefficient investment, encourages innovation, and boosts firm factor productivity. The paper concludes by applying the entropy weight method to quantify the composite index of high-quality development of agribusiness.

This research makes a marginal contribution, evident in the following features.: Firstly, it enriches the related research on the role of trade credit, and the existing study focuses on a single perspective to assess the influence of trade credit financing on agricultural firms’ profitability and neglects the impact of trade credit provision on high-quality development (Detthamrong and Chansanam, 2023). This article examines both the acquisition and supply of trade credit. It is a beneficial addition to the current research.

Second, we approach the analysis from a unique, “comprehensive” agribusiness perspective. The current studies have only examined a limited range of agribusiness activities, focusing on a narrow subset. Additionally, the research database in China contains a relatively small number of enterprises in agriculture, forestry, animal husbandry, and fishery-related industries. This limited scope may introduce bias in the findings if it solely concentrates on the narrow agricultural sector.

Third, it enhances the research aspect of high-quality development and broadens the understanding and assessment approach to high-quality development in the agricultural sector. The concept of high-quality development is well-structured, but there is no consistent definition for measuring it at the micro-enterprise level. Most studies have used the total factor productivity of the enterprise as a primary indicator of high-quality development (Huang et al., 2022). This is because the total factor productivity comprehensively considers the enterprise’s labor, capital, and factor inputs. Furthermore, the related study on the high-quality growth of agricultural firms lacks a systematic assessment index system and measurement technique. This study thoroughly investigates the high-quality advancement of agribusiness by analyzing total factor productivity and comprehensive indicators. It broadens the research framework and system for high-quality agribusiness growth while ensuring the results’ rigor and trustworthiness.

Fourth, Prior research has primarily focused on studying the influence of trade credit on the industrial sector, with less emphasis on its role in agricultural enterprises. This paper examines trade credit’s role in agribusiness operations and financing costs. It analyzes how trade credit affects agricultural enterprises’ financing costs, technological innovation, and investment efficiency. These findings are valuable for utilizing trade credit funds in agricultural enterprises to foster enterprise development and for the government’s management of supply-chain finance funds.

This article is structured as follows: Section 2 introduces the theoretical framework and establishes the research hypotheses. Section 3 provides an overview of the research design, encompassing the sources of data, model specifications, and a description of the statistical analysis. Section 4 addresses the regression analysis, elaborating on the foundational regression, tests for robustness, and analysis of heterogeneity. Section 5 provides a deeper exploration of the mechanism analysis. Section 6 discusses the creation and detailed examination of the composite index for high-quality development. Finally, Section 7 presents the conclusions and policy implications derived from the study.



Literature review and research hypotheses


Literature review


The factors that influence total factor productivity

The assessment of high-quality development primarily involves two approaches: establishing a comprehensive set of indicators and choosing proxy variables (Zhang et al., 2023). As per researchers’ interpretation of the meaning of high-quality enterprise growth, the crucial aspect is enhancing the overall factor productivity of firms. The existing literature on the investigation of factors that affect total factor productivity primarily concentrates on resource allocation efficiency (Yang, 2015; Wen, 2019; Cao et al., 2022), enterprise innovation (Bartelsman et al., 2013; Liu, 2021; Wu et al., 2021), and limitations in obtaining financial resources (Sheng and Liu, 2021; Zhang and Pang, 2023). Furthermore, several academics have analyzed the influence of the three variables, namely financial environment, policy system, and taxes, on firms’ productivity.

Capital plays a vital role in driving economic growth, and optimizing the allocation of resources is a crucial way to increase the economy’s overall productivity (Yang, 2015). On a macro level, Banerjee and Duflo discover that the inefficient distribution of resources across different companies decreases overall societal TFP. Hsieh and Klenow (2009) suggest that resource allocation distortions are the primary cause of declining total factor productivity in China, estimating that its productivity could improve by 30–50 percent if it were to match the resource allocation efficiency of the United States. At the microenterprise research level, firms facing capital constraints, market failures, or other issues that cause resources to flow toward inefficient firms or sectors can lead to distortions in factor inputs. This, in turn, harms firms’ overall productivity (Restuccia and Rogerson, 2017). Almeida and Wolfenzon (2006) assert that the efficient allocation of capital by businesses influences their effectiveness. In his study, Ryzhenkov (2016) discovered a considerable misallocation of resources within the Ukrainian manufacturing sector, and improving the efficiency of resource allocation across enterprises would result in substantial productivity development for manufacturing companies.

Firms’ total factor productivity also closely relates to financing constraints. It has been shown that the level of productivity and the likelihood of innovation through invention or adoption depend on the availability of finance. Ferrando et al. have empirically demonstrated that funding limitations exert a substantial inhibitory impact on the total factor productivity of enterprises in countries within the euro area. Ayyagari et al. (2010) validated the negative impact of funding limitations on the overall efficiency of enterprises. Krishnan et al. (2015) demonstrated that increasing financing channels can improve enterprises’ total factor productivity in a natural experiment framework. Based on Chinese firm statistics, Dong et al. (2022) have identified that alleviating financial restrictions is a crucial pathway for enhancing investor confidence and boosting the overall productivity of corporations. This indicates that funding limitations continue to be a significant barrier limiting the high-quality growth of Chinese firms. Nevertheless, several academics contend that limitations on funding exert a beneficial influence on the overall efficiency of enterprises. Wang (2022) argues that financial limitations can decrease the risks associated with corporate innovation, enhance the quality and effectiveness of innovation, and ultimately contribute to the advancement of overall corporate productivity.

An enterprise’s innovation significantly influences the enhancement of total factor productivity within a business. The academic community has long been concerned with the theoretical and practical challenge of improving total factor productivity through innovation. According to Schumpeter’s theory of economic growth, corporate innovation can transfer production factors from low-productivity firms to high-productivity firms, causing less productive companies to exit the market. This process ultimately enhances the industry’s overall productivity (Bartelsman et al., 2013). Dabla-Norris et al. (2012) found that innovation is critical to firm performance as it can directly increase productivity and that the impact of innovation on productivity is more significant in less developed countries. Sandvik and Sandvik (2003) noted that innovation is an essential means of enhancing firms’ competitiveness, is often regarded as a core developmental competency of firms, and is also considered an effective way of increasing firm productivity (Lumpkin and Dess, 1996).



The role of obtaining trade credit for enterprises

Trade credit finance helps alleviate the financial limitations faced by businesses. Trade credit is a kind of collaborative financing that plays a crucial role in informal finance. It is commonly employed in corporate transactions, including the buying and selling of goods and services. It is a significant means of obtaining corporations’ funding and possesses little risk and accessibility. When enterprises have limitations in obtaining funds, they may choose trade credit as an alternative form of funding (Petersen and Rajan, 1997; Seifert et al., 2013). Rajan and Zingales (1996) highlighted that, apart from formal financial channels, trade credit serves as a crucial means of financing for firms operating in regions with an undeveloped formal financial system. Molina and Preve (2012) discovered that enterprises facing financial challenges use trade credit as a substitute for cash obtained through bank loans. In times of economic hardship, firms may seek financing from suppliers when traditional financial institutions are reluctant to provide loans.

Trade credit financing alleviates the financial limitations faced by businesses and motivates them to expand their investments in inventories, fixed assets, and other resources. In their respective studies, Abuhommous and Almanaseer (2021) and Karakoç (2023) discovered that managers might employ trade credit financing as a beneficial means to augment corporation worth and attain elevated growth objectives. Fisman and Love (2003) discovered that industries that relied more heavily on trade credit financing had elevated growth rates in regions with limited progress in finance.

Nevertheless, acquiring trade credit can sometimes entail adverse repercussions for enterprises. Molina and Preve (2012) research demonstrated that the utilization of trade credit by enterprises during periods of financial limitations leads to a decline in sales income. Opler and Titman (1994) further verified that when a company has limitations in obtaining funds, its operational performance would substantially fall if it heavily relies on trade credit. Białek-Jaworska and Nehrebecka (2016) indicated that trade credit had a detrimental effect on firm value, decreasing its overall worth.



The significance of trade credit supply for enterprises

Trade credit supply is when a firm provides short-term financing to its customers, enabling them to delay payment while buying the service and commodity. Existing literature has put out three primary theoretical arguments to elucidate the motives behind corporations offering trade credit to their clients.

First, competition theory elucidates the underlying drive of firms to offer trade credit. Firms in the same industry may engage in interest rivalry. These companies would strategically enhance their pricing advantages by offering trade credit to increase consumer loyalty and promote their products. This helps them maintain or extend their market competitiveness (Schwartz, 1974). Wilson and Summers (2002) stated that trade credit is a significant business marketing tool. Businesses that achieve higher product profits are inclined to offer trade credit as a means of increasing sales (Petersen and Rajan, 1997). Furthermore, firms may use trade credit to engage in price discrimination against customers (Meltzer, 1960), increasing sales and profits.

Second, according to information theory, trade credit provision is a strategic tool to mitigate information asymmetry. This allows consumers to determine product quality and helps suppliers appropriately evaluate customers’ default risk. Smith (1987) posited trade credit functions as a means of quality assurance. Suppliers offer trade credit to client companies when there is a lack of information symmetry between businesses.

Third, providing trade credit reduces inventory management costs and ensures stability throughout the supply chain. By offering trade credit to both upstream and downstream enterprises, financing support is provided to customers, resulting in reduced search costs for suppliers and customers (Petersen and Rajan, 1997; Wang, 2014).

Offering trade credit for commercial transactions can also have a negative impact on firms. Białek-Jaworska and Nehrebecka (2016) suggests that providing trade credit can influence a firm’s profitability and liquidity. Furthermore, firms that offer trade credit are vulnerable to the danger of client default and incur additional costs associated with credit management (Mian and Smith, 1992).




Research hypotheses


In terms of acquiring trade credit

Trade credit is important in the informal financial system because it helps address the limitations and inefficiencies of the official financial system (Ju et al., 2013). The concepts of “comparative advantage theory” and “credit rationing theory” (Petersen and Rajan, 1997) provided evidence of the function of trade credit in financing. During a moment of monetary tightening, when banks limit lending to agriculture and the cost of corporate finance increases significantly, trade credit will serve as an alternative funding source to official financial channels. Agricultural firms get trade credit, which also serves as an indirect signal to banks and financial institutions regarding their sound business operations. As a result, they can secure credit from these traditional financial institutions, mitigating the financing limitations. Alleviating financing constraints contributes to high-quality enterprise development.

The innovation of an enterprise has a substantial impact on improving the overall productivity of a corporation. By mitigating the limitations on financial resources that companies face, obtaining trade credit might empower major agribusinesses to augment their investments in innovation, enhance their innovative efforts, and boost their overall efficiency. Studies indicate that depending solely on internal funding to support innovative inputs and sustainability is challenging. Consequently, many organizations shifted toward external financing to facilitate innovation endeavors. Liu et al. (2022a) concluded that using trade credit finance is beneficial for promoting innovation within organizations, particularly substantial innovation.

 H1a: Obtaining trade credit is conducive to improving TFP and promoting high-quality development of agricultural enterprises.



Trade credit also has a negative effect on the high quality of business development. On the one hand, firms may not invest short-term funds such as trade credit in R&D, and thus it will not have a substantial impact on the high quality of their development. On the other hand, trade credit increases the short-term debt-servicing pressure of enterprises, and the willingness of enterprises to innovate may decline with the rise of debt-servicing pressure (Shao and Wang, 2023), which is not conducive to high-quality development of enterprises.


H1b: Obtaining trade credit is not conducive to improving TFP and has a negative effect on the high-quality development of agricultural enterprises.
 



Analysis from the perspective of providing trade credit

The market competition hypothesis suggests that, in a competitive market, an agribusiness offering trade credit to its clients can enhance its price advantage and increase customer loyalty (Wilson and Summers, 2002). Likewise, a gain in market share may have a favorable incentive impact on the enterprise’s total factor productivity. (Summers and Wilson, 2003). On the one hand, to maintain their existing market position, agribusinesses will take the initiative to enhance the technological content of their products, which will promote the total factor productivity of the enterprise. On the other hand, a high market share implies steady growth in sales, and the enterprise has sufficient cash flow to provide stable financial support for R&D and innovation. Therefore, the provision of trade credit by enterprises can enhance their productivity by exerting the effect of market competition (Liu et al., 2022b). In addition, during the sales stage, if an agricultural enterprise is unable to obtain timely replenishment of funds to be invested in the next cycle of production activities, it can apply for financing by using the accounts receivable derived from the sale of goods as a condition for payment of credit funds to commercial banks, which ensures the continuity of cash flow and is conducive to the enhancement of the enterprise’s production efficiency (Białek-Jaworska and Nehrebecka, 2016).

Trade credit possesses a distinct advantage in obtaining information (Pepur et al., 2020), which agribusinesses can effectively monitor through commodity trading. This advantage enables trade credit to partially mitigate information asymmetry. Enterprises are motivated to innovate their goods proactively and enhance their TFP to maintain a steady supply-and-demand connection with their consumers and preserve their market position (Summers and Wilson, 2003).


H2a: Providing trade credit has a positive impact on corporate TFP and is conducive to the high-quality development of agricultural enterprises.
 

However, a large number of customers confront financial crises due to poor management. In that case, the trade credit funds provided by the company are difficult to recover, resulting in the company lacking funds for ongoing operations (Martínez-Sola et al., 2014), which will have a negative impact on the company’s total factor productivity. Therefore, the trade credit provided by the seller’s company due to the coercive effect may cause involuntary losses to the company due to the buyer’s default event. The breakdown of the capital chain will significantly reduce the size of the company’s available funds and increase financing costs, thereby inhibiting the company’s total factor productivity.


H2b: Providing trade credit is not conducive to improving TFP and inhibits the high-quality development of agricultural enterprises.
 





Methodology


Sample and data processing

This study’s sample comprises agricultural enterprises publicly traded on the Shanghai and Shenzhen Stock Exchanges in China from 2002 to 2022. According to Cao et al.’s (2022) examination, the mentioned agricultural companies include agriculture (A01), forestry (A02), animal husbandry (A03), and fishery (A04) within the primary sector; agro-food processing (C13), food manufacturing (C14), and wine, beverage, and refined tea manufacturing (C15) within the secondary sector; and agriculture, forestry, animal husbandry, and fishery services (A05) within the tertiary sector. The sample was refined by (1) excluding companies classified as ST, *ST, and PT; and (2) eliminating outliers and missing values. We applied a shrinkage method to continuous variables within the 1st and 99th percentiles of the sample to ensure the reliability of the regression results and account for extreme values. The screening process resulted in a total of 2,480 valid firm-year observations.



Establishing the model and defining variables

In order to delve into the role of trade credit on the high-quality development of enterprises, this paper uses model (1) to measure the effect of obtaining trade credit on the high-quality development of agricultural enterprises, and model (2) to measure the impact of trade credit provided by agricultural enterprises on the high-quality development of enterprises.

[image: Equation depicting a linear regression model: TFP equals β0 plus β1APi,t plus β2Controlsi,t plus λi plus ηt plus εi,t.]

[image: Equation showing a model: TFP equals beta zero plus beta one times AR sub i, t plus beta two times Controls sub i, t plus lambda sub i plus eta sub t plus epsilon sub i, t, labeled as equation two.]

Explained variable (TFP), the current measurement methods of high-quality development are mainly divided into two categories: using a single or comprehensive indicator measurement method. In recent years, total factor productivity (TFP) has emerged as a crucial metric for researchers to assess the development of companies. TFP contains a wealth of information about the company, such as product quality, enterprise business development, and enterprise innovation. In light of this, the study employs total factor productivity as a benchmark for appraising the high-quality development of agricultural enterprises. Nevertheless, the study devises a comprehensive, integrated evaluation system to gage the high-quality development of agricultural enterprises, taking into account the potential bias and constraints associated with relying solely on one indicator of total factor productivity.

Based on Levinsohn and Petrin’s (2003), the LP method to calculate TFP better overcomes the endogeneity problem in the OLS estimation of total factor productivity. Therefore, this article uses the LP method in benchmark regression to calculate the total factor productivity of agricultural enterprises. To make the result more reliable, this article also conducts robustness testing using various enterprise total factor productivity measurement methods, such as the OP and GMM methods.

Explanatory variables are mainly categorized into obtaining trade credit (AP) and providing trade credit (AR), and AP is defined as (accounts receivable + notes receivable + prepayment)/total assets, and AR is defined as (accounts payable + notes payable + prepayment)/total assets.

This paper utilizes control variables to account for various factors that influence the total factor productivity of enterprises, including bank loans (Bank), enterprise scale (Size), cash flow ratio (Cashflow), financial leverage (Lev), return on total assets (Roa), proportion of fixed assets (Fixed), revenue growth rate (Growth), and company listed age (ListAge). The specific calculation method of control variables is in Table 1. Furthermore, the variable [image: Greek letter lambda with subscript "i".] in the model denotes the specific fixed effects of each unique business, [image: A mathematical notation symbol, "η", with a subscript "t" in a decorative serif font.] represents the fixed effect of time, and [image: Mathematical notation displaying the Greek letter epsilon, subscript i, l.] stands for the random disturbance term.



TABLE 1 Definitions of variables.
[image: Table describing variables used in an analysis. There are three types: explained, explanatory, and control variables. Explained variables include TFP_LP, TFP_OP, TFP_FE, and TFP_GMM, representing total factor productivity measured by various methods. Explanatory variables consist of AP and AR, related to trade credit. Control variables include Bank (bank loan), Size (enterprise scale), Cashflow (ratio), Lev (company leverage), ROA (return on assets), Fixed (proportion of fixed assets), Growth (revenue growth rate), ListAge (years listed), Year (fixed year), and Firm (fixed firm), with detailed calculation methods for each.]



Descriptive statistics

This article employs a descriptive statistical analysis to examine each variable within the overall sample (Table 2). The findings indicate that the mean TFP_LP for all enterprises is 7.986, with a maximum of 11.33 and a minimum of 4.507. This indicates a significant difference in the TFP_LP among agricultural businesses. On average, these companies get trade credit of 10.6% of their total assets and extend trade credit of 9.4%. Chinese agricultural firms typically have a Cashflow of 6.3%, Lev of 39.5%, ROA of 4.4%, and a proportion of fixed assets of 27.4%. In this study, we have categorized the data into three sets based on the levels of trade credit acquisition and supply. Subsequently, we have compared the group with the highest degree of trade credit acquisition to the group with the lowest level. Figure 1 shows that the former group, with a considerable level of trade credit acquisition, exhibited a substantially higher average TFP than the lower group. Our preliminary statistical analysis results have shown that the affirmative impact of trade credit on businesses’ overall productivity. Within this context, it is noteworthy that in Figure 2, the TFP of the group with a higher provision of trade credit was significantly lower before 2008 than that of the group with a lower provision. This discrepancy can be attributed to the Chinese government’s implementation of the People’s Republic of China on Property Rights in 2007, which offered a certain level of safeguarding for the provision of trade credit by enterprises. Building upon this critical finding, the paper later undertakes a policy analysis utilizing the double-difference methodology, delving deeper into the effects and implications of this specific policy and occurrence.



TABLE 2 Descriptive statistics of variables.
[image: A table displaying statistics for various variables, categorized as explained, explanatory, and control variables. Each variable includes data on sample size (N), mean, minimum, maximum, standard deviation (SD), and percentiles (p25, p50, p75). Explained variables include TFP_LP, TFP_OP, TFP_FE, and TFP_GMM. Explanatory variables include AP and AR. Control variables include Bank, Size, Cashflow, Lev, ROA, Fixed, Growth, and ListAge. Each row provides specific statistical values for these categories.]

[image: Line graph showing TFP (Total Factor Productivity) trends from 2000 to 2022, comparing High AP and Low AP. High AP consistently rises from 2000 to 2022, with fluctuations. Low AP begins lower, increasing steadily at a slower rate.]

FIGURE 1
 TFP group statistical chart (trade credit acquisition).


[image: Line graph showing Total Factor Productivity (TFP) from 2000 to 2022 for High AR and Low AR. The High AR line, solid, generally trends upward, peaking around 2020. The Low AR line, dashed, follows a similar trend but with slightly lower values.]

FIGURE 2
 TFP group statistical chart (trade credit supply).




Empirical results and analysis


Benchmark regression

According to Table 3, the 1 and 2 columns present results without factoring in control variables, while the 3 and 4 columns consider control variables but neglect to consider the year and individual fixed factors. The 5 and 6 columns incorporate both control variables and fixed factors. Table 3 results show that the acquisition and provision of trade credit significantly enhance businesses’ overall productivity. At the 1% level, the majority of the calculated coefficients are significantly positive. Furthermore, the model results indicate that obtaining trade credit has a more significant positive impact on total factor productivity than the supply of trade credit. The initial regression findings provide evidence that supports H1 and H2a, suggesting that trade credit beneficially influences improving the overall efficiency of businesses (Table 4).



TABLE 3 Results of the baseline regression.
[image: Table displaying statistical data with columns labeled "TFP_LP" and rows representing variables like AP, AR, Bank, Size, and others. Each cell contains a coefficient and standard error in parentheses. Statistical significance is indicated by asterisks next to coefficients. The bottom rows show constants (_cons), sample size (N), and R-squared values.]



TABLE 4 Substituting Variables.
[image: A table comparing statistical results across different models: TFP(OP), TFP(GMM), and TFP(FE). Each column presents values for AP, AR, control variables, year, firm, _cons, sample size N, and r-squared. Significant values include AP with 2.463*** (0.184) in TFP(OP) and AR with 0.939*** (0.156) in TFP(OP). The sample size is consistent at 2,480 across all models, with r-squared values ranging from 0.647 to 0.851. Control variables, year, and firm are included in all models.]




Robustness testing


Substitution of variable measurement method

This study replaces the TFP measure and, following Li and Li (2020), employs the OP, GMM, and FE methods. This method also produces comparable results, in Table 4, with trade credit accessibility and availability showing significant beneficial effects on enterprises’ total factor productivity at the 1% level. This supports the earlier findings of the benchmark regression conducted in this study.




Two-stage least squares method

While the research has controlled the crucial aspects that might impact the overall productivity of firms, it is still possible that the model may overlook essential variables. In addition, the development of enterprises will expand their access to finance from banks, increasing the trade credit supply. Thus, trade credit may reversely affect enterprises’ total factor productivity.

This study incorporates an instrumental variable, AP/AR Industry, which derives from the average of past trade credit acquisition and provision within the firm’s industry, to mitigate the impact of endogeneity on the study findings. Mei and Cheng (2021) suggest re-evaluating the model regression results using the two-stage least squares (2SLS) technique. Regarding correlation, enterprises’ business and operating features are comparable, implying that their supply and obtaining of trade credit are similar to those of other enterprises in the same sector. Regarding exogeneity, the industry mean refers to a variable at the industry level. The industry average of company credit has less association with the firm’s micro-level factors, thereby fulfilling the exogeneity principle.

During the preliminary phase, we observed that the estimated coefficients of the instrumental and corresponding explanatory variables have a remarkable significance level, with a p-value lower than 0.01. This serves as evidence that the instrumental variables effectively elucidate the endogenous variables. The F-value exceeds 10, indicating that the instrumental variables fulfill the necessary criteria and that there are no weak instrumental variables. The research results in Table 5 show that providing and obtaining trade credit has a positive impact on the total factor productivity of enterprises, which is consistent with the results of the baseline regression of this study.



TABLE 5 Results of the least squares method.
[image: Table displaying regression results with variables AP (IV), AR (IV), AP, AR, and TFP_LP. Each column shows coefficients and standard errors in parentheses. Control variables include year and firm, all indicated by "Yes." Constants (.0936***, -0.0230, -7.1422***, -6.8984***) and N (2,480) are provided. R-squared values are .681, .596, .764, and .770 respectively.]



Excluding the effects of the financial crisis

Amidst the widespread economic upheaval of 2008, businesses across the globe were reeling from the ramifications of the financial crisis. The adverse effects of this crisis were profound, manifesting in reduced investments and depleted production rates (Shuai et al., 2023). As such, our study exclusively focuses on post-2010 data. Notably, our empirical findings reveal that even during periods free of financial crises, trade credit remains a crucial catalyst for enhanced total factor productivity in firms.



Difference in differences method

As a growing market nation, China has implemented and revised several regulations to enhance firms’ external business environment. Specifically, the Property Law was officially announced in March 2007. China’s Law on Property Rights has established comprehensive regulations on security rights, mortgages, and pledges, resulting in a well-structured and comprehensive property rights framework. As seen in Figure 2 above, the group with a higher provision of trade credit had a lower TFP than the group with a lower provision of trade credit before 2007, which may be mainly because the reform of security rights marked by the enactment of the Property Law in 2007 has taken measures to protect the funds provided by enterprises for trade credit. The Chinese law clearly states that inventory (Article 108) and accounts receivable (Article 223) can be mortgaged and pledged. The law explicitly states inventories (Article 108) and receivables (Article 223) can be mortgaged and pledged. According to research by Jun et al. (2017), the Property Law provides appropriate safeguards for creditors and encourages firms to enhance their innovative capabilities. This article employs the Property Law for quasi-natural experiment analysis to investigate the alterations in firms’ total factor productivity level. By using the difference-in-differences model and analyzing the disparities between the experimental and control groups, it is possible to mitigate the endogeneity problem to some degree and obtain a more accurate measurement of the causal link between the two. The results from applying the double differencing method in column 3 of Table 5 demonstrate that the productivity level is more significant in the group with a higher provision of trade credit. Additionally, this paper conducts a placebo test on the policy time in advance, and the results in the 4th column of Table 6 are not statistically significant, which confirms the reliability of the outcomes. Adopting the difference-in-differences model also further overcomes the interference of endogeneity concerns, confirming the robustness of the benchmark regression results.



TABLE 6 Difference-in-difference test results and lagged test results.
[image: A table presenting regression results with variables AP, AR, DID, TIME, TREATED, L.AP, and L.AR analyzed against TFP_LP. Significant values are marked with asterisks, indicating levels of statistical significance. Control variables, year, and firm are included in the analysis. Constants (_cons), sample size (N), and R-squared values are listed.]



Consider hysteresis effects

Firms’ innovation achievements are strongly linked to the enhancement of overall efficiency. However, there is a delay between the inputs made toward innovation and the actual outcomes of innovation. Notably, the production of high-quality innovations requires a longer duration. As a result, there might be a temporal mismatch between the availability of trade credit funding and the firms’ overall efficiency. Consequently, we conduct a regression analysis on the whole factor productivity of businesses using a one-period lag. The results in rows 5 and 6 of Table 6 show that trade credit still positively affects enterprises’ total factor productivity. This reinforces the robustness and dependability of the study’s findings.



Heterogeneity test


Distinguishing between industries

Large publicly traded companies in the agricultural industry encompass various businesses, including agriculture, forestry, animal husbandry, and fishery operations. These include secondary industries such as food manufacturing, agricultural food processing, wine production, beverage production, and refined tea production. In addition, there are service companies related to agriculture, forestry, animal husbandry, and fishery in the tertiary industry. However, due to the limited size of the tertiary sector sample, this article primarily focuses on categorizing primary and secondary industrial divisions. According to Table 7, access to trade credit facilitates TFP in the fisheries, agriculture, and agricultural food processing sectors. However, its influence on the food manufacturing industry is less significant, and it even has a negative effect on the animal husbandry sector. On the other hand, the result in Table 8 shows that trade credit provision positively impacts TFP in the fisheries and animal husbandry sectors but has no significant influence on the agricultural, forestry, and food manufacturing industries. The results in Table 9 reveal that trade credit significantly impacts TFP in the primary industry. This paper posits that the low earnings and elevated business risks of conventional agricultural businesses primarily hinder their ability to secure funding from banks and financial institutions. Therefore, these enterprises often rely on inter-enterprise trade credit funds for development. Additionally, companies in the primary sector tend to offer similar goods, leading to increased competition and a stronger incentive to offer trade credit to stabilize sales or gain a larger market share.



TABLE 7 Segmentation - trade credit acquisition.
[image: Table showing regression results with total factor productivity across several models labeled A01, A02, A03, A04, C13, C14, and C15. Variables include AP, control variables, year, and firm effects. Coefficients for AP range from -1.648 to 6.102 with statistical significance levels indicated by asterisks. Each model includes a constant term, sample size (N), and R-squared value.]



TABLE 8 Segmentation - trade credit provision.
[image: Table displaying regression analysis results across various models (A01, A02, A03, A04, C13, C14, C15) for the variable TFP_LP. Each model shows coefficients for AR, control variables, year, and firm presence, with significance levels indicated by asterisks. The constant (_cons), sample size (N), and r-squared (r²) values are provided for each model.]



TABLE 9 Segmentation industries.
[image: A table comparing TFP_LP values in primary and secondary industries. The table shows coefficients for AP and AR with significance levels, control variables, year, and firm fixed effects. Cons values, number of observations \( N \), and \( r^2 \) values are also included, showing significant differences across models.]




Distinguish the life cycle of enterprises

The enterprise life cycle hypothesis pertains to the dynamic trajectory of a business’s development and expansion, encompassing three distinct stages: growth, maturity, and decline. According to the hypothesis, firms at different phases have distinct financial demands and resource usage rates. The effect of trade credit on company growth may differ based on the business’s life cycle stage.

For firms in the growth stage, the findings indicate that having access to commercial finance significantly impacts productivity. From the standpoint of obtaining trade credit, businesses in the growth phase face limited access to external financial resources. Using trade credit financing may effectively reduce funding limits and provide “incentive effects” that promote high-quality firm development. From the perspective of providing trade credit, enterprises face a shortage of funds during the growth stage. To quickly expand their market, they tend to offer more trade credit to clients. However, this practice hampers the allocation of funds toward research and development (R&D), thereby hindering the overall improvement of the enterprises’ total factor productivity.

For mature firms, both obtaining and supplying trade credit significantly increase their TFP, and mature firms have a relatively stable market share and substantial profits relative to growth-phase firms. On the one hand, acquiring trade credit provides mature firms with funds for innovation. On the other hand, mature firms are more capable of lowering transaction costs based on stable markets and sales channels, making the provision of trade credit more stable and profitable, and promoting firms’ high-quality development.

For declining firms, formal financing is relatively difficult. It relies more on trade credit funding from business transactions, so that trade credit financing funds for declining firms may support firms in innovation and improve their total factor productivity. In addition, declining firms’ provision of trade credit further deteriorates firms’ financial flows, which is not conducive to high-quality growth.


Distinguishing supplier concentration

Supplier concentration can significantly affect the availability of trade credit. Supplier groups are the controllers of raw materials for enterprises and usually have strong negotiating power. When supplier concentration is low, agricultural enterprises have a stronger bargaining position and can acquire more advantageous trading terms, such as more extended payment periods and higher accounts payable. This allows them to obtain more trade credit than they provide. As the concentration of suppliers increases, the voice of enterprises gradually decreases when suppliers tend to occupy a dominant position, and the trade credit that enterprises obtain from suppliers decreases. High supplier concentration might lead to suppliers demanding early payment, worsening the enterprise’s financial restrictions and hindering its high-quality growth.

Thus, this article argues that the function of trade credit financing may vary among enterprises with varying levels of supplier concentration. Columns 1–3 of Table 10 demonstrate that trade credit financing has the most substantial impact on enterprises with low customer concentration, and this impact is statistically significant at the 1% level.



TABLE 10 Distinguishing business life cycles.
[image: A table displaying regression results with columns for "Growth," "Maturity," and "Decline" under "TFP_LP." Key variables include "AP" and "_cons" with values and standard errors in parentheses. Control variables, year, and firm are included. Sample sizes ("N") and R-squared values are shown. Each condition indicates statistical significance levels with asterisks.]



Distinguishing customer concentration

Customer concentration refers to allocating an enterprise’s revenue among its various client groups over a specific time frame. We commonly measure it by calculating the proportion of the enterprise’s total revenue that its top five customers generate during that period. Customer concentration can have both advantageous and perilous implications for trade credit. Positively, higher customer concentration allows for better information sharing between the company and the customer, reducing information asymmetry. This is beneficial for ensuring fund recovery, effectively allocating funds for the company’s development, and improving TFP. However, the customer concentration also has detrimental impacts; a high customer concentration can increase the client’s negotiating power.

The findings from Table 11 indicate that the provision of trade credit has a substantial role in fostering the high-quality growth of companies with low and medium customer concentration levels. This result is consistent with the study of Dong et al. (2021), where firms with high customer concentration face the problem of blackmail from their primary customers, which leads to financial difficulties and higher financing costs, thus weakening the incentives for firms to innovate and is not conducive to the improvement of their total factor productivity.



TABLE 11 Distinguish between supplier concentration and customer concentration.
[image: A table compares supplier and customer concentration across three categories: Low, Medium, and High, based on TFP_LP values. Data includes coefficients for AP and AR, control variables, year, and firm significance, with constants and respective standard errors. Sample sizes (N) and R-squared values are provided for each category. Notably, coefficients are significant at the 0.1% level, as indicated by three asterisks.]





Mechanism test


Access to trade credit and relief of financing constraints

Stable and adequate funding is crucial for the growth of an enterprise in China, as the formal finance sector is not well developed. The small scale of agricultural enterprises makes it challenging to obtain sufficient financial support, leading to financing constraints for many agricultural enterprises. Enterprise innovation requires consistent financial backing. Insufficient financing can lead to interruptions in innovation, increase sunk costs for businesses, diminish their passion for innovation, and perhaps disrupt routine operations. Guo (2023) revealed that financial restrictions hinder the enhancement of total factor productivity in Chinese fishing firms.

This research utilizes the methods developed by Petersen and Rajan (1997) to create a thorough index. The KZ index gages the degree of financing constraints faced by agribusiness. Several factors, such as net cash flow from operations, payout level, dividend holdings, degree of indebtedness, and growth index, contribute to its calculation. We adjust these factors for normalization based on the total assets at the start of the period. A higher KZ index indicates more significant financing constraints. The data presented in Table 12 demonstrates a negative correlation between trade credit financing and the KZ index. This suggests that access to trade credit offers alternative financing options for agribusinesses, which contributes to easing agribusiness financing constraints. Previous studies by Allen et al. (2005) and Cull et al. (2009) support this finding.



TABLE 12 Mechanism test.
[image: A table displaying regression results across six columns: KZ, InefficInvest, substantive innovation, strategic innovation, substantive innovation, and strategic innovation. Rows include variables like AP, AR, Control variables, Year, Firm, _cons, N, and r-squared, with corresponding coefficients, standard errors, and significance asterisks. All models include control variables, year, and firm indicators. Sample sizes (N) and r-squared values vary across models.]



Provide trade credit and capital allocation

The distortion of capital allocation is a fundamental issue that restricts the high-quality development of companies. Neoclassical economic theory emphasizes that the demand for factors of production by a firm is determined by the marginal cost and marginal benefit associated with their use. However, in practice, the marginal cost and marginal benefit of using factors of production often differ, leading to inefficient investments that significantly hinder the enterprise’s pursuit of high-quality development. In their study, Xing et al. (2023) discovered that enhancing the effectiveness of resource allocation can boost firms’ overall factor productivity. Efficiently addressing the issue of inadequate investment in agricultural firms holds significant practical importance in enhancing their innovative capacity, improving TFP, and achieving high-quality development.

In this paper, we refer to Richardson (2006) and Li and Huang (2020) to measure the investment efficiency of the company to build the model (3).

[image: Equation displaying an investment model: \( \text{Inv}_{t} = \beta_0 + \beta_1 \text{Growth}_{t-1} + \beta_2 \text{Lev}_{t-1} + \beta_3 \text{Cash}_{t-1} + \beta_4 \text{Age}_{t-1} + \beta_5 \text{Size}_{t-1} + \beta_6 \text{Ret}_{t-1} + \beta_7 \text{Inv}_{t-1} + \Sigma \text{Industry} + \Sigma \text{Year} + \varepsilon \).]

where [image: The image displays the mathematical notation "Inv subscript t" in italic font, commonly used to represent an inventory term at time t in financial or mathematical equations.] is the firm’s actual new investment expenditures in year t; [image: The text "Growth_{t-1}" appears in italics, indicating a mathematical or statistical expression denoting growth at time t minus one.]denotes the firm’s growth capacity in year t-1, as measured by Tobin’s Q; [image: The image shows the mathematical notation "Age" with a subscript "t minus 1", indicating age at a previous time period.] stands for denotes the age of the firm at year t-1; [image: Mathematical notation showing "Lev" subscripted with "t-1".] denotes the firm’s financial leverage in year t-1, as measured by gearing; [image: Mathematical notation displaying the term "Cash" with a subscript "t minus 1", likely representing cash at the previous time period.] denotes the firm’s cash flow in year t-1; [image: Mathematical expression showing the word "Size" followed by subscript "t minus 1".] denotes the size of the firm’s assets in year t-1; [image: Mathematical notation displaying "Ret" with a subscript "t-1".] denotes the firm’s stock return in year t-1; [image: Mathematical expression displaying "Inv" with a subscript "t minus 1".] denotes t − 1 year’s new investment expenditures; [image: Bullet point followed by the word "Industry" in italic font.] denotes the industry dummy variable; and [image: A black bullet point followed by the word "Year" in italicized font.] denotes the year dummy variable. Further, perform OLS regression on the model (3) to get the model’s residuals. As estimated by the model, the magnitude of these residuals represents the extent of the company’s inefficiency investment. A higher absolute value of the residuals indicates more significant inefficiency in the investment. Results in Table 12, column 2, show that the provision of trade credit can curb inefficient investment, which is conducive to increased efficiency in the use of funds and the promotion of TFP by enterprises.



Trade credit and enterprise innovation

Total factor productivity (TFP) refers to the portion of economic growth that cannot be accounted for by the increase in inputs from production factors. Technological innovation has a crucial role in enhancing the overall productivity of organizations. Schumpeter’s theory of economic growth posits that firms’ innovations can result in transferring factors of production from less productive companies to more productive companies. This process compels less productive firms to exit the market, ultimately enhancing the industry’s overall productivity (Bartelsman et al., 2013). Karafillis and Papanagiotou (2011) examined the correlation between innovation and organic agriculture. In a study conducted by Karafillis and Papanagiotou (2011), the connection between innovation and total factor productivity in organic agriculture was examined. Their research revealed a positive correlation between innovation and TFP in this field.

This research delves deeper into the influence of the supply and acquisition of trade credit on corporate innovation. This study measures innovation using company patent applications as a proxy variable. We can classify the patents granted to Chinese enterprises into three categories: innovation, utility model, and design. Invention patents are considered significant inventions aimed at advancing a company’s technical development and obtaining a competitive edge. Enterprises seeking to prioritize “quantity” and “speed” of invention may employ strategic innovation by obtaining design and utility model patents, which are comparatively less challenging.

The findings in Table 12 demonstrate that acquiring trade credit has a significant impact on promoting firms’ substantive innovation. In contrast, it does not significantly influence enterprises’ strategic innovation. Trade credit supply fosters substantial company innovation and significantly impeding strategic innovation. When combined with the prior theoretical research, it is further validated that businesses that get trade credit may mitigate financial limitations, enhance investment in innovation, enhance the quality of enterprise innovation, and foster high-quality business development.




Additional examination

To address the limitations of using a single indicator to measure high-quality enterprise development. This study further creates a thorough index that evaluates the high-quality growth of businesses while accounting for their goals and processes. This paper refers to the enterprise high-quality development index proposed by Tian and Ding (2023) and analyzes the high-quality development index system of agricultural enterprises from the two aspects of the goal and internal process, which mainly include six first-level indexes: development quality, green development, social efficiency, innovation ability, risk management, and corporate governance. As well as 12 secondary indicators and 16 tertiary indicators to measure the high-quality development index of big agriculture, from Table 13, the high-quality development index weight ratio shows that each element of the impact of the size of the enterprise’s high-quality development index in which the enterprise’s innovation capacity accounted for the more significant proportion of the high-quality development index of agribusiness is the same as the theoretical analysis of the previous analysis.



TABLE 13 Construction of high-quality indicator system.
[image: Table displaying indicators divided into primary, secondary, and tertiary categories with corresponding weightings. Primary indicators include development quality, green development, social benefits, innovation capacity, risk management, and corporate governance. Each primary indicator lists secondary and tertiary indicators with specific weightings in percentages, such as development quality at 27.4% and innovation capacity at 43.5%. Tertiary examples include total return on assets at 2.83% and number of green patents at 22.92%.]

According to Figure 3, the industry-standard data for high-quality development indicators in agriculture reveals that the secondary and fishery service industries dominate. At the same time, the traditional agricultural primary sector lags in terms of high-quality development. Figure 4 demonstrates that the ability to innovate plays a crucial role in promoting high-quality development for primary sector agribusiness. In contrast, the quality of development profoundly impacts secondary agribusiness.

[image: Bar chart displaying values for categories A01 to A05 and C13 to C15. The heights of the bars indicate varying values, with A05, C13, and C15 being the tallest, around 0.06.]

FIGURE 3
 High-quality development industry average.


[image: Bar chart comparing primary and secondary industries across six criteria: corporate governance, risk management, innovation capacity, social benefits, green development, and development quality. Secondary industry scores highest in social benefits, while primary industry leads in innovation capacity and development quality.]

FIGURE 4
 Statistics on various indicators by industry.


This study does a regression analysis to examine the impact of trade credit on the composite index of high-quality company development. The results in Table 14 indicate that obtaining and providing trade credit significantly promotes the high-quality growth of enterprises.



TABLE 14 High-quality indicator regression results.
[image: Table displaying regression results across six models labeled (1) to (6), all with the title "High-quality." Variables include AP, AR, control variables, year, firm, _cons, N, and r². AP shows significant results across all models. Control variables, year, and firm are incorporated in models (3) to (6). N and r² values are consistent across models indicating sample size and goodness of fit. Results are indicated with significance levels denoted by asterisks.]



Discussions


Research results and implications

The study performed a benchmark test and discovered that trade credit notably influences the overall factor productivity of agricultural businesses. To address the endogeneity issue in the model, the study replaced the variables and conducted a further robustness test using the least squares method. The study’s ultimate conclusion underscores the potential of trade credit accessibility and supply to boost enterprises’ TFP significantly. These results align with those of the benchmark regression and are consistent with the conclusions drawn by Detthamrong and Chansanam (2023).

Furthermore, this paper aims to examine the mechanism through how trade credit impacts businesses’ high-quality growth, using theoretical and empirical perspectives.

We further investigate the impact of trade credit on enterprise financing constraints, inefficient investment, and innovation. Research has shown that trade-credit financing can help companies overcome financial constraints. Additionally, offering trade credit can prevent companies from making inefficient investments (Karakoç, 2023), stimulate innovation, and improve TFP.

There is a deficiency in the current state of affairs regarding evaluating companies’ high-quality development, as there is a lack of a comprehensive index system and measuring procedures. Additionally, utilizing a single indicator to gage the quality of enterprise development has its limitations, as it may not accurately depict the influence of each contributing factor. To address this issue, this article employs the entropy value technique to appraise the high-quality growth of agricultural firms. This method, distinguished by six primary and 13 innovative indicators, has proven efficient in empirical testing. Moreover, the study has revealed that trade credit plays a significant role in enhancing firms’ high-quality development index. This finding further solidifies the credibility and robustness of the conclusions presented in this research.



Policy recommendations

Government policies should be strengthened to support agribusinesses and mitigate their long production cycles and financing constraints. Implementing the Property Law has significantly improved productivity and corporate profits. At the same time, a well-functioning financial system can help alleviate financing constraints and improve corporate governance, leading to increased agricultural productivity and modernization. The reform of the domestic financial market should also be promoted, including improving the informal financial market and establishing an enterprise information disclosure system. Supply chain finance should be actively developed to enhance financial service levels for the agricultural industry.

At the enterprise level, businesses should leverage bank and trade credit to attract talent and promote technological progress, resulting in improved productivity. Additionally, internal governance mechanisms, such as improving information disclosure, should be enhanced to obtain more financial support and increase competitiveness. The utilization of supply chain finance is also encouraged to improve overall financial services for agricultural enterprises.



Summary

China’s agricultural development faces challenges such as overconsumption of resources, reliance on inputs, and poor management. This has hindered sustainable development and led to a lack of competitiveness. To improve, China must adopt a new model, enhance sustainability, and promote transformation and upgrading for long-term growth. The concept of extensive agriculture sees the sector as an interconnected system and argues that trade credit can boost high-quality growth by addressing financing constraints, curbing inefficient investments, and promoting innovation.
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Background: The adoption of new agricultural technologies is one of the key factors for achieving sustainable agricultural development. With the rapid development of China’s economy and the widening gap between urban and rural areas, it has become the norm for farmers to seek employment outside their home villages. This phenomenon not only changes the lifestyle of farmers but may also affect their attitudes toward and adoption behavior of new agricultural technologies. However, existing research in this field is not yet sufficient. This paper aims to assess the overall impact, heterogeneous effects, and mechanisms of action of migrant work experience on farmers’ willingness to adopt new agricultural technologies.
Methods: Based on the 8,391 sample data from 243 counties in the 2018 China Labor Force Dynamic Survey (CLDS2018), this paper uses the Linear Probability Model (LPM), Two Stage Least Square (2SLS), Conditional Mixed Process (CMP) methods, and omitted variable test to estimate the impact of migrant work experience on farmers’ willingness to adopt new agricultural technologies. Simultaneously, it explored the heterogeneity in the relationship between migrant work experience and the willingness to adopt new agricultural technologies from the perspectives of gender, age, and educational level. Lastly, the Karlson-Holm-Breen (KHB) model was utilized to analyze the mechanisms through which migrant work experience affects farmers’ willingness to adopt new agricultural technologies.
Results: Migrant work experience significantly enhances farmers’ willingness to adopt new agricultural technologies, with the probability of willingness among farmers with migrant work experience being 26.65% higher than that of farmers without such experience. At the same time, compared to female farmers, those born before 1980, and those with primary education or less, this enhancing effect is more pronounced among male farmers, those born after 1980, and those with more than a primary education. Furthermore, it was found that migrant work experience not only directly enhances farmers’ willingness to adopt new agricultural technologies but also indirectly promotes it by increasing capital accumulation, enhancing risk awareness, expanding social networks, and strengthening agricultural cognition, with risk awareness and agricultural cognition playing a larger indirect role.
Conclusion: Based on the empirical results, this paper suggests actively guiding farmers with migrant work experience to adopt new agricultural technologies, and encouraging return migrant labor with the intention of resettling in rural areas to engage in agriculture again, to further promote the adoption of new agricultural technologies.
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1 Introduction

With the intensification of agricultural non-point source pollution and the continuous rise in labor costs, traditional agriculture, reliant on intensive input, has become a significant burden on the environment and economically unsustainable due to increased labor costs. Therefore, it is particularly crucial to achieve the transformation and upgrading of the agricultural industry through the adoption of new agricultural technologies. The introduction of new agricultural technologies can not only optimize the input structure of agricultural production factors but also compensate for the deficiencies of a single technology through the integrated application of various technologies, thereby enhancing the overall efficiency and sustainability of agricultural production (Barnes et al., 2019). Moreover, the promotion of new agricultural technologies is crucial for changing the status of inefficient resource utilization and narrowing the gap in agricultural production efficiency between developing and developed countries (Chen, 2020). These technologies can not only enhance the adaptability of small-scale farmers to climate change but also help improve the efficiency of agricultural production factor allocation, creating higher economic benefits and better quality of life for farmers (Makate et al., 2019).

However, the promotion and adoption of new agricultural technologies have always been core issues in agricultural development research. Particularly in developing countries, the development and application of modern agricultural technologies have become important means to promote agricultural production efficiency and sustainable growth. These technologies, including precision agriculture, biotechnology, the development of drought-resistant and pest-resistant crop varieties, and the application of information and communication technology in agricultural management, have the potential to significantly enhance the efficiency and sustainability of agricultural production (Reddy, 2015). However, despite the significant potential advantages of these advanced agricultural technologies, their adoption rate in many developing countries is often lower than expected. Over the past few decades, the adoption of agricultural technologies in some countries and regions of Africa has been lagging, especially in Sub-Saharan Africa, where the adoption and development of agricultural technologies have been almost stagnant (Duflo et al., 2011). This phenomenon contrasts sharply with the rapid growth of agricultural productivity in developed countries and many middle-income countries. According to data from the World Bank, from 1961 to 2014, grain production in Sub-Saharan Africa increased by only 80%, while in the United States, it grew by 203% during the same period (World Bank, 2014). Furthermore, comparing data from 1961 and 2014, agricultural productivity in the United States was 273% higher than in Sub-Saharan Africa, and by 2014, this gap had widened to 473% (Magruder, 2018). Additionally, the “2024 China Agricultural and Rural Development Trend Report” shows that in 2023, the comprehensive mechanization rate of China’s crops exceeded 73%, and the contribution rate of agricultural technological progress exceeded 63%, which still remains at a lower level compared to developed countries (over 90%). Why is there such a large gap between developed and developing countries in the adoption of new agricultural technologies? Why are some profitable new agricultural technologies still underadopted?

Currently, academic discussions on the factors influencing farmers’ adoption of new agricultural technologies mainly include the following aspects: Firstly, economic factors. When deciding whether to adopt new agricultural technologies, farmers weigh the expected costs and benefits (Feder et al., 1985). A lack of sufficient funds and financing channels limits farmers’ investment capacity in new agricultural technologies, thereby affecting their willingness to adopt (Lemecha, 2023; Rayhan et al., 2023). Secondly, social and cultural factors. Social networks and peer effects can significantly influence farmers’ perceptions and attitudes toward new agricultural technologies (Dearing and Cox, 2018). Traditional agricultural practices and cultural values also affect farmers’ acceptance of new technologies. Deep-rooted traditional agricultural practices and resistance to new things may hinder the adoption of new agricultural technologies (Stone, 2007). Thirdly, biophysical and environmental factors. Farmers’ adoption of new agricultural technologies is influenced not only by economic and social factors but also by natural conditions, soil fertility, water resources, and climate change (Amankwah, 2023; Asante et al., 2024). Fourthly, psychological factors. Farmers’ risk preferences and expectations for the future also affect their attitudes toward new agricultural technologies. Farmers with a high tolerance for risk are more likely to try adopting new agricultural technologies (Dercon and Christiaensen, 2011; Musyoki et al., 2022). Fifthly, policy and institutional environmental factors. Government policy support can reduce the costs and risks associated with adopting new agricultural technologies, thus encouraging farmers to adopt new technologies (Abate et al., 2016). Additionally, research has found that farmers’ characteristics, including gender, age, education level, health status, and income, are also key factors influencing their adoption of new agricultural technologies (Djibo and Maman, 2019; Hirpa Tufa et al., 2022; Kafando et al., 2023).

With the lowering of the barriers to migrant work and the increase in non-agricultural employment opportunities, the phenomenon of rural residents in China migrating for work has become increasingly common. At the same time, there has been a significant return migration. This shift not only affects the economic conditions of farming households but may also change farmers’ attitudes toward and adoption of new technologies. Although existing studies have explored various factors influencing farmers’ adoption of agricultural technologies, research on how migrant work experience affects farmers’ willingness to adopt new agricultural technologies remains relatively limited. Therefore, based on CLDS2018 data, this paper attempts to analyze the key factors and mechanisms influencing farmers’ willingness to adopt new agricultural technologies from the perspective of migrant work experience. This study is not only significant for understanding the socio-economic factors in the promotion of agricultural technologies but also provides empirical evidence for the formulation of relevant policies. Compared to existing research, the marginal contributions of this paper are: First, from the perspective of non-agricultural employment, it systematically examines the promoting effect of migrant work experience on farmers’ willingness to adopt new agricultural technologies, thereby extending the related research on this topic. Second, based on the evaluation of the basic effects, this paper deeply analyzes the mechanisms by which migrant work experience influences farmers’ willingness to adopt new agricultural technologies from the perspectives of capital accumulation, risk awareness, social networks, and agricultural cognition. Additionally, it examines the heterogeneity in the influence of migrant work experience on farmers’ willingness to adopt new agricultural technologies. This helps to more comprehensively grasp the causal relationships between the core variables.



2 Theoretical analysis

In modern agriculture, technological innovation is regarded as the key to enhancing productivity and achieving sustainable development. As rational economic agents, farmers weigh the adoption of new agricultural technologies based on the principle of maximizing economic benefits (Feder et al., 1985). Migrant work experience, as wealth and social capital accumulated through practice, significantly impacts farmers’ behavior in adopting new agricultural technologies. This experience not only provides farmers with opportunities to acquire new knowledge, experience, and skills but may also change their fundamental attitudes towards agricultural production and lifestyle (De Janvry and Sadoulet, 2001). Against the backdrop of counter-urbanization, farmers who have worked away from home choosing to return to engage in agricultural production has become a rational career choice. Compared to traditional farmers, those with migrant work experience show greater enthusiasm in adopting and investing in new agricultural technologies (De Janvry and Sadoulet, 2001). Thus, the impact of migrant work experience on farmers’ decisions to adopt new agricultural technologies may be a combination of direct and indirect effects. Migrant work experience also indirectly enhances farmers’ willingness to adopt new agricultural technologies by increasing capital accumulation, enhancing risk awareness, expanding social networks, and strengthening agricultural cognition. This paper constructs the analytical framework as shown in Figure 1.

[image: Flowchart illustrating the impact of migrant work experience on the willingness to adopt new agricultural technology. Direct effect is shown, as well as indirect effects through capital accumulation, risk awareness, social network, and agricultural cognition.]

FIGURE 1
 The impact path of migrant work experience on farmers’ willingness to adopt new agricultural technology.


Firstly, income from migrant work is one of the primary sources of income and wealth accumulation for rural households (Zhao and Jiang, 2022). Compared to traditional farming, income from migrant work far exceeds that from traditional farming, thus forming an accumulation of economic capital (Zhao, 1999; Frankelius et al., 2019). At the same time, migrant work, by diversifying sources of income, increases the possibility of accessing formal credit, thereby alleviating liquidity constraints on the adoption of new agricultural technologies (Stark and Bloom, 1985; Phan, 2012). Therefore, migrant work experience indirectly increases farmers’ willingness to adopt new agricultural technologies through the accumulation of economic capital.

Secondly, migrant work experience is also beneficial in enhancing farmers’ risk awareness and ability. The adoption of new agricultural technologies carries both risks and economic benefits; improper use of new technologies can result in the risk of reduced agricultural production and income (Sunding and Zilberman, 2001). Faced with intense market competition and operational risks, migrant work experience is more advantageous for farmers to accumulate extensive market expansion experience and form scientific development concepts (Yu et al., 2017). Considering costs and long-term benefits, as rational economic agents, to maximize the mitigation of agricultural operational risks, the adventurous spirit and innovation consciousness accumulated during migrant work may encourage farmers to adopt new agricultural technologies more actively (Knight and Gunatilaka, 2010). Therefore, migrant work experience indirectly increases farmers’ willingness to adopt new agricultural technologies by enhancing risk awareness.

Thirdly, migrant work can expand the radius of farmers’ social interactions, break through inherent geographical and kinship social networks, and construct entirely new networks based on profession and interest. Extensive networks play a crucial role in farmers obtaining technical information and resources (Amuedo-Dorantes and Mundra, 2007). In the process of adopting new agricultural technologies, farmers will apply the social network relationships acquired during migrant work to agricultural production as much as possible, in order to maximize economic returns (Ramirez, 2013; Varshney et al., 2022). Networks based primarily on profession and interest help broaden funding sources, enhance the level of private lending, and alleviate farmers’ financial pressures (Maertens and Barrett, 2013). Therefore, migrant work experience indirectly enhances farmers’ willingness to adopt new agricultural technologies through the expansion of social networks.

Lastly, the premise of adopting production technology is the cognition of the agricultural technology; the higher the farmers’ level of cognition of agricultural production technology, the more accurately they will recognize its role in agriculture, and the greater the likelihood of adopting the technology (Chen and Chen, 2017; Sui and Gao, 2023). Compared with traditional farmers, migrant work experience not only can broaden farmers’ horizons and expand their knowledge but also can promote changes in farmers’ knowledge structure and enhance their self-learning ability, thereby increasing their enthusiasm for adopting agricultural technologies (Li et al., 2023). Therefore, migrant work experience indirectly increases farmers’ willingness to adopt new agricultural technologies by enhancing agricultural cognition.



3 Methodology


3.1 Data source

This paper uses data from the 2018 China Labor-force Dynamics Survey organized by Sun Yat-sen University. The use of this data is primarily due to the following considerations: First, the survey covers 28 provincial-level administrative units in mainland China and employs a random stratified sampling method, including data on individuals, households, and villages, combining large sample size and scientific rigor. Second, the CLDS focuses on the current status and changes of China’s labor force, with particular attention to rural household agricultural production, as well as the education and migration histories of workers, providing foundational data for this study. Third, CLDS2018 is the latest available data, providing empirical evidence for evaluating farmers’ willingness to adopt new agricultural technologies. Considering the questionnaire design and research needs, only samples aged 18 and above with agricultural household registration were retained. After excluding samples with missing key variables, a total of 8,391 valid samples were obtained.



3.2 Variables selection

The dependent variable is the willingness to adopt new agricultural technologies. Referring to existing studies on the measurement of the tendency and behavioral intention to adopt new agricultural technologies (Bonokwane and Ololade, 2022; Zhou et al., 2022), this paper measures farmers’ willingness to adopt new agricultural technologies through the item in the CLDS 2018 questionnaire: “Do you agree that compared to other farmers, you are more proactive in adopting newly promoted agricultural technologies?” The respondents’ answers include “strongly disagree,” “disagree,” “neutral,” “agree,” and “strongly agree,” which are assigned values of 1, 2, 3, 4, and 5, respectively.

The key explanatory variable is the experience of working away from home. According to the “2023 Migrant Worker Monitoring Survey Report” published by the National Bureau of Statistics of China, migrant workers are defined as those who are registered in rural areas but engage in non-agricultural industries outside their registered areas or work away from their registered areas for 6 months or more within a year. This means that working away from home is defined as leaving one’s registered area for 6 months or more. Therefore, this paper measures farmers’ experience of working away from home through the survey question, “Have you ever worked away from home for more than 6 months (cross-county migration)?” The respondents’ answers include “Yes” and “No,” which are coded as 1 and 0, respectively.

The instrumental variable is natural disasters. Considering potential endogeneity issues, this paper uses the instrumental variable method for testing. An effective instrumental variable should meet the following two criteria: first, relevance, meaning the instrumental variable should be related to the key explanatory variable, which is the experience of working away from home. Second, exogeneity, meaning the instrumental variable should not directly affect the dependent variable, which is the willingness to adopt new agricultural technologies. Referring to the approach used in relevant literature (Munshi, 2003; Chen, 2012), this paper selects whether the respondent’s village experienced severe natural disasters before 1978 as the instrumental variable. On one hand, severe natural disasters may cause damage to local agricultural production, thereby forcing farmers to seek off-farm employment opportunities to supplement their household income. On the other hand, natural disasters are often considered to be random events, and severe natural disasters that occurred in the past generally do not directly affect the current willingness of farmers to adopt new agricultural technologies. Therefore, this study selects whether the village experienced severe natural disasters before 1978 as the instrumental variable.

Meanwhile, capital accumulation, risk awareness, social networks, and agricultural cognition are regarded as mechanisms through which off-farm work experience influences farmers’ willingness to adopt new agricultural technologies. Capital accumulation refers to the process by which farmers increase their economic resources through various means and is a key factor affecting their behavior in adopting new agricultural technologies. Drawing on the approach of existing research (Dercon and Christiaensen, 2011), this paper measures capital accumulation using the survey item “total non-agricultural income of the household in the past year.” Considering the large income differences among households, this study log-transforms the total non-agricultural income to reduce heteroscedasticity. Risk awareness refers to an individual’s level of cognition and understanding of potential risks, as well as their ability to consider and respond to risks in decision-making (Conley and Udry, 2010). This paper measures farmers’ risk awareness using the survey item “whether you would take a bank loan to buy a car,” with responses coded as 1 for “yes” and 0 for “no.” Social networks refer to relatively stable relationship systems formed among social members through interaction. The main measurement methods are the name-generator method and the position-generator method (Wellman, 1979). This paper measures farmers’ social networks using the name-generator method with the survey item “whether you have local friends with whom you can discuss important issues,” coding responses as 1 for “yes” and 0 for “no.” Agricultural cognition mainly refers to farmers’ understanding and knowledge of various aspects of agricultural production, including techniques, resources, and management methods. Drawing on relevant research (Barham et al., 2018), this paper measures agricultural cognition using the survey item “whether you agree that agricultural production is becoming increasingly important for your family,” with responses coded as 1 for “yes” and 0 for “no.”

Additionally, drawing on existing research (Mao et al., 2021; Lemecha, 2023), this study also controlled for various potential confounding factors that may simultaneously affect farmers’ off-farm work experience and willingness to adopt new agricultural technologies. These factors include individual characteristics such as gender, age, marital status, health status, education level, political affiliation, agricultural production experience, and professional skills training, as well as family characteristics such as the number of agricultural workers in the family, agricultural planting area, agricultural operating income, agricultural operating costs, and agricultural cultivation methods. Additionally, considering the differences in the socio-economic development levels of different regions (county-level administrative units), this study also controlled for regional effects in the form of dummy variables.



3.3 Empirical strategies

First, the econometric model for the impact of off-farm work experience on farmers’ willingness to adopt new agricultural technologies is specified as follows:

[image: Equation representing a linear regression model: \(Y_i = \alpha + \beta X_i + \gamma Z_i + \delta \text{County}_i + \varepsilon_i\), labeled as equation (1).]

As shown in Equation (1), [image: It seems like there's an issue with the image upload or description. Please try uploading the image again or provide a URL and a caption if possible.] represents the ith farmer’s willingness to adopt new agricultural technologies, [image: Equation displaying "X" with a subscript "i".] represents the ith farmer’s migrant work experience, [image: Mathematical expression showing \( Z_i (i = 1, 2, \ldots, 13) \).] are control variables, and [image: I can't generate alt text without an image. Please upload the image or provide a URL, and I'll be happy to help!] is a dummy variable for the county where farmers are located, thereby controlling for the impact of differences in the socio-economic development level of different counties on farmers’ willingness to adopt new agricultural technologies. [image: Lowercase Greek letter alpha in a serif font.], [image: Sure, please upload the image you'd like me to generate alternate text for.], [image: The Greek letter gamma, represented as a lowercase "γ", is shown in a serif font.], and [image: Sure, please upload the image you'd like me to generate alt text for.] are the parameters to be estimated, and [image: Lowercase Greek letter epsilon with subscript "i" in mathematical notation.] is the random error term.

Second, it is important to note that the above baseline regression may still have potential endogeneity. On the one hand, the adoption of new agricultural technologies can, to some extent, reduce the demand for household labor, thus providing farmers with more opportunities to seek migrant work. In this case, the willingness to adopt new agricultural technologies might be a cause of migrant work experience among farmers, not merely a result, leading to reverse causality issues. On the other hand, the factors influencing farmers’ decisions to adopt new agricultural technologies are complex and not easily fully controlled in the model. There may be other unobservable factors that simultaneously affect both migrant work experience and the willingness to adopt new agricultural technologies, leading to omitted variable issues. The instrumental variable method is a conventional means of addressing endogeneity issues, which requires constructing a regression equation for migrant work experience and its instrumental variable before estimating Equation (1):

[image: The equation \( X_i = \theta + \varphi P_i + \omega W_i + u_i \) is labeled as equation (2).]

In Equation (2), [image: It looks like there is no image uploaded. Please try uploading the image again or provide a URL. If you have a caption or additional context, feel free to include it.] is the instrumental variable, [image: It seems there was an error in uploading the image. Please try uploading the image again or provide a description or URL.], [image: Please upload the image or provide a URL to generate the alternate text.], and [image: Lowercase Greek letter omega, often used in mathematics and physics to represent angular frequency.] are parameters to be estimated, and [image: Mathematical expression representing a variable "u" with a subscript "i" in italic style.] is the error term. Then, the 2SLS model is employed to correct for the potential endogeneity bias in the baseline regression process. At the same time, considering that the potentially endogenous variable of migrant work experience is a binary variable, the use of the 2SLS model to some extent overlooks the categorical nature of migrant work experience, failing to fully utilize the information, thus resulting in a loss of estimation efficiency. For this reason, the CMP estimation method is introduced, which can fit a series of multi-equation, multilevel, and conditionally recursive mixed processes, allowing for the re-estimation of instrumental variables within a unified CMP framework (Roodman, 2011). CMP is based on seemingly unrelated regression, constructing a system of recursive equations based on maximum likelihood estimation, requiring the simultaneous estimation of Equation (1) and Equation (2). The correlation coefficient atanhrho of the error terms of the two equations can be used to determine whether the migrant work experience variable is endogenous. If the atanhrho value is significantly different from 0, the CMP estimation results are superior to the baseline regression results.

Third, changing the analytical approach. If, after including as many reasonable control variables as possible in the analysis, the coefficients of the core explanatory variables remain stable, this means that even the presence of omitted variables is unlikely to “overturn” the core conclusions of this paper (Lacetera et al., 2012). This paper uses the method proposed by Oster to test for potential omitted variables and their impact on regression results (Oster, 2019). Specifically, when the regression model contains some unobservable omitted variables, an approximation of the consistent estimate of the impact of migrant work experience on farmers’ willingness to adopt new agricultural technologies, [image: The image depicts the Greek letter beta with an asterisk symbol as a superscript.], can be obtained through calculation:

[image: Mathematical equation representing beta star approximately equal to beta tilde minus lambda times the difference between beta zero and beta tilde, multiplied by the difference between R max and R tilde, divided by the difference between R tilde and R zero.]

In Equation (3), [image: Greek letter beta with an asterisk superscript.] represents the impact of migrant work experience on farmers’ willingness to adopt new agricultural technologies, [image: The image shows the Greek letter beta raised to the power of zero.] and [image: The image displays a mathematical expression with the letter 'R' followed by a superscript zero, indicating "R to the power of zero".] respectively represent the estimated parameter and goodness-of-fit for migrant work experience when constrained control variables are included. [image: It seems there was an error in displaying the image. Please upload the image file directly, and I will assist you with generating the alternate text.] and [image: It seems there was an error in displaying the image. Please upload the image file or provide a URL to the image so I can help you generate the alternate text.] respectively represent the estimated parameter and goodness-of-fit for migrant work experience when all observable variables are included as control variables. [image: Lowercase Greek letter lambda, commonly used in mathematics and physics.] represents the ratio of the explanatory power of observable variables to unobservable variables on farmers’ willingness to adopt new agricultural technologies. [image: The image displays the mathematical notation "R" with the subscript "max".] represents the maximum goodness-of-fit of the regression equation when all omitted variables are included in the model.

Following Oster’s suggestion (Oster, 2019), two identification strategies are employed to test the impact of omitted variables: First, assuming [image: The image shows the mathematical notation "R" with the subscript "max".] is 1.3, 1.5, and 1.7 times the current regression equation’s goodness-of-fit, and [image: Greek lowercase letter lambda symbol.]=1, if [image: Greek letter beta with an asterisk symbol in the superscript position.] falls within the 95% confidence interval of the estimated parameters, then the coefficient estimate passes the robustness test. Second, also assuming [image: The image shows the mathematical expression "R" with a subscript "max."] is 1.3, 1.5, and 1.7 times the current regression equation’s goodness-of-fit, but [image: It seems there's an issue with the image. Please upload the image file directly, and I'll help generate the alternate text for it.]=0, if the value of [image: A bold lowercase lambda symbol, shown in black, commonly used in mathematics and physics to represent various parameters or functions.] is greater than 1, it indicates that omitted variables do not change the impact of explanatory variables on the dependent variable.

In addition, to further validate the empirical results, robustness checks were conducted through four methods: adjusting the dependent variable, independent variables, regional effects, and econometric model. Firstly, the assignment of the dependent variable was adjusted, converting the five-category variable of willingness to adopt agricultural new technologies into a binary variable, with “somewhat agree” and “strongly agree” assigned a value of 1, and all other cases assigned a value of 0. Secondly, a variable highly correlated with the explanatory variables was used for robustness testing. The experience of working continuously outside the township for more than 6 months was measured by the questionnaire item “Have you ever worked continuously outside your township for more than 6 months?” with “yes” assigned a value of 1 and “no” assigned a value of 0. Thirdly, the county-level dummy variables in the regression model were replaced with city-level dummy variables to capture the differences between different cities. Finally, since the variable for adopting agricultural new technologies is an ordered categorical variable, the econometric model was changed to an ordered Probit model for re-estimation.




4 Results and discussion


4.1 Descriptive statistics

The basic characteristics of the sample are shown in Table 1. The average value of farmers’ willingness to adopt new agricultural technologies is 3.4827, which is between “neutral” and “agree,” indicating that farmers’ willingness to adopt new agricultural technologies is high. Meanwhile, 21.53% of farmers have experience working outside their hometowns, with males accounting for 51.42%. The average age is 49.54 years, and 89.23% of the farmers are married. The average years of education are 7.1, and 68.47% of farmers have experience in agricultural production, while only 5.21% have participated in professional skills training. In addition, the average number of people involved in family agricultural production is 1.29, and the proportion of agricultural mechanization is 36.84%.



TABLE 1 Descriptive statistics.
[image: A table listing variables related to agricultural practices, each with a value, mean, and standard deviation. Variables include willingness to adopt new technology, migrant work experience, gender, age, marriage, health status, education, political affiliation, agricultural production experience, professional training, household agricultural involvement, planting area, agricultural income and cost, cultivation method, instrumental variable, capital accumulation, risk awareness, social network, and agricultural cognition. The table provides detailed descriptions, numerical means, and standard deviations for each variable.]



4.2 Baseline regression results

This paper estimates Equation (1) using a linear probability model, with the results shown in Table 2. To delineate the influence of different factors on the willingness to adopt agricultural new technologies, a stepwise regression approach was adopted: (1) controlling only for core explanatory variables, (2) adding individual characteristic control variables, (3) adding household characteristic control variables, and (4) adding county-level dummy variables. From the estimation results in Table 2, whether controlling only for the core explanatory variables, adding individual characteristic control variables, urban feature control variables, or incorporating county-level dummy variables, the impact of migrant work experience on farmers’ willingness to adopt new agricultural technologies is significant at the 1% statistical level, and the regression coefficient is positive, indicating robust estimation results. From the results in column (4), compared to farmers without migrant work experience, those with such experience have a 10.54% higher probability of willingness to adopt new agricultural technologies. The results above indicate that migrant work experience can effectively enhance farmers’ willingness to adopt new agricultural technologies.



TABLE 2 Baseline regression results: the overall impact of migrant work experience on farmers’ adoption of agricultural technology.
[image: A table showing regression results across four models, detailing the influence of various variables such as migrant work experience, gender, age, education, and more on a dependent variable. Coefficients, standard errors in parentheses, and significance levels are provided for each variable. Model specifications differ regarding inclusion of county effects and \( R \) squared values. Observations number is consistent at eight thousand three hundred ninety-one. Significance levels are indicated by asterisks, with robust standard errors reported.]

Additionally, the estimation results of individual characteristic control variables in column (4) show that gender is significant, with a positive coefficient, indicating that male farmers have a stronger willingness to adopt agricultural new technologies compared to female farmers. This is consistent with the conclusions of most studies, suggesting that male farmers may have more resources and opportunities to acquire information and knowledge related to new technologies, and social and cultural factors may also give males greater autonomy in the decision-making process of adopting new technologies (Peterman et al., 2014). There is a nonlinear relationship (inverted U-shaped) between age and willingness to adopt agricultural new technologies. As age increases, farmers’ willingness to adopt new agricultural technologies gradually increases, but after reaching a certain age threshold (around 43 years old), this willingness begins to decline. This finding is similar to existing research results, which also observe a decrease in farmers’ enthusiasm for adopting new technologies after a certain age point (Yue et al., 2023). Older farmers tend to be more conservative, relying more on existing agricultural practices, and becoming more cautious about adopting new agricultural technologies that may bring changes (Neway and Zegeye, 2022). The higher the level of education, the stronger the willingness of farmers to adopt agricultural new technologies. Similar results have been found in related studies, indicating that education can enhance farmers’ receptivity to new information, improve their understanding of agricultural new technologies, and thus increase the likelihood of adopting them (Conley and Udry, 2010). Additionally, Communist Party members and farmers with agricultural production experience have a significantly stronger willingness to adopt agricultural new technologies. Communist Party members are representatives of rural areas who are more likely to accept advanced technologies and ideas, with better knowledge reserves and stronger abilities to accept new things. They are more inclined to adopt and promote agricultural new technologies that can improve agricultural production efficiency and sustainability (Kung and Liu, 1997; Luo et al., 2023). Farmers with agricultural production experience may have a deeper understanding of the practical needs of agricultural production and the potential value of technological improvements, thus being more willing to adopt new technologies (Hu et al., 2022). The higher the agricultural operating income, the stronger the willingness of farmers to adopt agricultural new technologies. Existing literature generally agrees that farmers’ income level is an important factor influencing their willingness and ability to adopt new technologies. Higher income not only provides more resources for investing in new technologies but also increases the ability to try new technologies and reduces the risk of failure in adopting new technologies (Dercon and Christiaensen, 2011).

Moreover, the higher the agricultural operating cost, the stronger the willingness of farmers to adopt agricultural new technologies. This finding contrasts with the conclusions of some existing literature. The traditional view is that lower agricultural operating costs enable farmers to invest more in new technologies (Feder et al., 1985). However, recent studies have begun to focus on the complex motivations behind farmers’ adoption of new agricultural technologies, including using them to cope with increasing production costs (Kinuthia and Mabaya, 2017). Previous research has found that when faced with higher production costs, farmers in Uganda are more inclined to adopt improved seeds and more efficient cultivation methods (Kabunga et al., 2012). Farmers using mechanized cultivation have a stronger willingness to adopt agricultural new technologies. Mechanization can act as a catalyst for technological innovation, encouraging farmers to try and adopt other new agricultural technologies (Beaman et al., 2021).



4.3 Instrumental variable checks

Although the baseline regression analysis controlled for variables that may affect the relationship between migration experience and the adoption of new agricultural technologies, potential endogeneity issues such as reverse causality and omitted variable bias may still exist in the empirical analysis. To address this, further analysis was conducted using the 2SLS model, and Table 3 reports the estimation results of the 2SLS model. From the first stage estimation results of the 2SLS model in column (1), the instrumental variable has a significant positive impact on migrant work experience, indicating that the instrumental variable meets the relevance condition. The robust F-statistic is 18.4757, greater than the commonly used critical value of 10, suggesting that there is no weak instrumental variable. At the same time, the endogeneity test parameter for migrant work experience is significant at the 1% statistical level, indicating that migrant work experience is indeed endogenous, making the 2SLS model’s estimation results more credible compared to the CMP model. From the second stage estimation results of the 2SLS model in column (2), the coefficient for migrant work experience is 2.5307 and significant, larger than the coefficient in Table 2, with a larger robust standard error, indicating that the baseline regression underestimates the enhancing effect of migrant work experience on farmers’ willingness to adopt new agricultural technologies.



TABLE 3 Regression results with the 2SLS model and CMP.
[image: Statistical table comparing results from two models, 2SLS and CMP, across four columns. Variables include migrant work experience, instrumental variable, and constants, with results given as coefficients and standard errors. Significant values are indicated with asterisks. Control variables and county effects are included, with R-squared at 0.2106, and observations totaling 8,391. Robust standard errors are noted in parentheses.]

Moreover, considering that the endogenous variable of migrant work experience is binary, the 2SLS model, to some extent, overlooks the binary nature of migrant work experience, failing to fully utilize the information and thus leading to a loss in estimation efficiency. For this reason, the CMP method was further utilized for re-estimation. From the first stage regression results of the CMP method in column (3), the instrumental variable has a significant positive impact on migrant work experience, which also verifies that the instrumental variable meets the relevance requirement. The second stage regression results of the CMP method in column (4) show that migrant work experience has a significant positive impact on farmers’ willingness to adopt new agricultural technologies, with a coefficient of 0.2665. Compared to the coefficient in column (2), it is smaller and the standard error is reduced, indicating that there is indeed an issue of effectiveness loss in the 2SLS model estimation. From the endogeneity test results, the atanhrho_12 value is significant at the 1% statistical level, rejecting the null hypothesis that migrant work experience is an exogenous variable. After addressing endogeneity, the estimation results of the CMP method and the 2SLS model, as well as the direction and significance of effects in the LPM model, are consistent, fully demonstrating that the positive impact of migrant work experience on farmers’ willingness to adopt new agricultural technologies is robust.



4.4 Omitted variables checks

Table 4 reports the results of the omitted variable test based on the Oster method. It can be seen that when [image: It seems there is no image provided. Please upload the image or provide a URL for me to generate the alternate text.]=0, regardless of whether [image: "R" with subscript "max", representing the maximum value of a variable R.] is set to 1.3 times, 1.5 times, or 1.7 times, the actual calculation results of the migration experience variable all fall within the 95% confidence interval of [image: Greek letter beta with an asterisk in superscript.], and the δ values are all greater than 1, indicating that the coefficient of the migration experience variable’s impact on farmers’ willingness to adopt new agricultural technologies is relatively stable. Therefore, it can be considered that even if there are omitted variables, the judgment regarding the relationship between migration experience and the adoption of new agricultural technologies remains robust, that is, migration experience significantly enhances farmers’ willingness to adopt new agricultural technologies.



TABLE 4 Omitted variables checks results.
[image: Table showing variables related to migrant work experience assessed by two methods. Method 1 uses a standard where \( \beta^* \) is evaluated in the range 0.0554 to 0.1554. Values for \( R_{\text{max}} \) with different multipliers range from 0.0894 to 0.0994. Method 2 involves \( \delta > 1 \), with values from 3.1639 to 7.1865. Tests are passed under both methods.]



4.5 Robustness checks

Table 5 reports the estimation results of the robustness tests. From column (1), which adjusts the assignment method of the dependent variable for re-regression, it can be seen that migration experience remains highly significant and the coefficient is positive. The results of adjusting the explanatory variables for regression are shown in column (2). The results indicate that even with different measures of migration experience, the conclusions of Table 2 remain unchanged. From column (3), where the county-level dummy variables in the regression model are replaced with city-level dummy variables for re-regression, it can be seen that migration experience is significant at the 1% statistical level, and the coefficient is positive. From column (4), where the econometric model is replaced with an ordered Probit model for re-estimation, it can be seen that migration experience remains highly significant and the coefficient is positive. The above four robustness test results indicate that migration experience significantly enhances farmers’ willingness to adopt new agricultural technologies, further confirming the robustness of the core conclusion.



TABLE 5 Results of the robustness check.
[image: Table displaying regression results with four models. Migrant work experience coefficients range from 0.0527 to 0.1395, all significant at p<0.01. R-squared values vary between 0.1123 and 0.1632. Each model includes 8,391 observations. Robust standard errors are provided in parentheses.]



4.6 Heterogeneous effects

The previous analysis has concluded that migration experience significantly enhances farmers’ willingness to adopt new agricultural technologies. However, it is important to note that this is only the average effect at the whole-sample level and does not consider the heterogeneity of this impact. To obtain more detailed research conclusions, heterogeneity analysis will be conducted by grouping based on gender, age, and education level. The specific estimation results are shown in Table 6.



TABLE 6 Heterogeneity test result.
[image: Table displaying regression results for various groups: males, females, individuals born before and after 1980, and those with below and above primary school education. Key variable is migrant work experience, showing significant positive coefficients in all groups. Control variables and county effects are included, with R-squared values ranging from 0.1335 to 0.2207. Observations range from 1,564 to 6,827. Robust standard errors are given in parentheses, with significance levels indicated by asterisks.]

Columns (1) and (2) report the differences between genders. The results show that, overall, both male and female farmers’ willingness to adopt new agricultural technologies is significantly positively influenced by migration experience. However, in terms of the magnitude of the effect, migration experience has a greater impact on male farmers’ willingness to adopt new agricultural technologies compared to female farmers. Due to social and cultural factors and gender differences in resource access, male farmers often have more opportunities to access new technologies and related training, making them more likely to adopt new agricultural technologies (Peterman et al., 2014).

Columns (3) and (4) report the differences between generations. The results show that, overall, the willingness to adopt new agricultural technologies is significantly positively influenced by migration experience for both farmers born before 1980 and those born after 1980. However, in terms of the magnitude of the effect, migration experience has a greater impact on the willingness to adopt new agricultural technologies for farmers born after 1980. This is mainly because younger farmers generally have higher education levels, stronger learning abilities, and broader social networks, which facilitate the reception and adoption of new agricultural technologies (Feder et al., 1985).

Columns (5) and (6) report the differences between education levels. The results show that, overall, migration experience significantly positively influences the willingness to adopt new agricultural technologies for both farmers with elementary education or below and those with more than elementary education. However, in terms of the magnitude of the effect, migration experience has a greater impact on the willingness to adopt new agricultural technologies for farmers with higher than elementary education. Previous research has shown that education level is one of the key factors affecting farmers’ adoption of new agricultural technologies. Farmers with higher education levels are more likely to access information about new agricultural technologies and have better understanding and implementation capabilities (Dearing and Cox, 2018).



4.7 Analysis of mediating effect

The analysis above shows that migrant work experience significantly enhances farmers’ willingness to adopt new agricultural technologies. So, how can the mechanism of this effect be explained? To test the mechanisms through which migrant work experience affects farmers’ willingness to adopt new agricultural technologies, this paper, integrating previous analysis and data availability, uses the KHB decomposition method proposed by Karlson et al. to examine the mechanisms of the enhancing effect of migrant work experience from four aspects: capital accumulation, risk awareness, social networks, and agricultural cognition, aiming to deeply reveal the relationship mechanism between migrant work experience and farmers’ willingness to adopt new agricultural technologies (Karlson et al., 2012).

Table 7 reports the estimation results based on the KHB method. From the results in column (1), it can be seen that the indirect effect of capital accumulation is significantly positive at the 10% statistical level, indicating that migration experience indirectly increases farmers’ willingness to adopt new agricultural technologies through increased capital accumulation. Similarly, columns (2), (3), and (4) show that the indirect effects of risk awareness and social networks are significantly positive at the 10% statistical level, and the indirect effect of agricultural cognition is significantly positive at the 5% statistical level. This implies that migration experience indirectly enhances farmers’ willingness to adopt new agricultural technologies by increasing risk awareness, expanding social networks, and enhancing agricultural cognition. Further analysis shows that the indirect effects of capital accumulation, risk awareness, social networks, and agricultural cognition account for 1.43, 4.91, 2.29, and 3.87% of the total effect of migration experience on farmers’ willingness to adopt new agricultural technologies, respectively. Therefore, migration experience not only directly increases farmers’ willingness to adopt new agricultural technologies but also indirectly enhances it by increasing capital accumulation, improving risk awareness, expanding social networks, and enhancing agricultural cognition. Among these, risk awareness and agricultural cognition have the larger indirect effects.



TABLE 7 Results of mediation effect test: KHB method.
[image: A table summarizes effects of four variables: capital accumulation, risk awareness, social network, and agricultural cognition, on total, direct, and indirect effects. Values with standard errors are provided, with significant results denoted by asterisks representing p-values: ***p<0.01, **p<0.05, *p<0.1. Control variables and county effects are included, with 8,391 observations for each variable.]

Migration experience for farmers is not only a source of household income but also an important means of capital accumulation. Higher income and capital accumulation provide farmers with the economic resources needed to adopt new technologies, thereby reducing the economic risk of adopting agricultural innovations (Zhao, 1999; Dercon and Christiaensen, 2011). This suggests that migration experience not only directly increases farmers’ income but also potentially enhances their economic status, thereby boosting their confidence and ability to adopt new agricultural technologies. Migration experience for farmers is not just an economic activity but also a process that enhances risk awareness. This increased risk awareness helps to improve farmers’ willingness to adopt new agricultural technologies. Existing literature generally considers risk awareness and risk management capabilities as important factors influencing farmers’ adoption of new agricultural technologies (Feder et al., 1985; Knight and Gunatilaka, 2010). Compared to existing studies, this research provides direct evidence that migration experience promotes technology adoption by enhancing risk awareness. Additionally, previous studies have shown that social networks are important channels for the dissemination and adoption of agricultural technologies. They facilitate the acceptance and application of new agricultural technologies through information sharing, experience exchange, and mutual learning (Bandiera and Rasul, 2006; Conley and Udry, 2010). Further emphasizes the role of migration experience in promoting the expansion of social networks, indicating that migration not only brings economic benefits to farmers but also increases their connections with the outside world, thereby broadening the channels for obtaining and exchanging information on new technologies. It is also found that migration experience for farmers is not just an economic activity; more importantly, it helps to enhance farmers’ understanding of agriculture, thereby increasing their willingness to adopt new agricultural technologies. Previous studies have already pointed out that education and knowledge levels are crucial for farmers to adopt new technologies (Dearing and Cox, 2018). However, there are relatively few studies on how migration experience, as a form of informal education, influences technology adoption by enhancing agricultural cognition. This study emphasizes the role of migration experience in promoting agricultural cognition, revealing that such experience allows farmers to be exposed to new agricultural practices, technologies, and concepts, thereby increasing their willingness to adopt new agricultural technologies. This finding extends the understanding of the mechanisms through which migration experience affects technology adoption, indicating that such experience influences technology adoption not only through economic channels but also through knowledge and cognitive channels.




5 Conclusion and policy implications


5.1 Conclusion

Smallholders are the main operators in the agriculture of most developing countries, which determines that promoting the development of new agricultural technologies needs to focus on the role of smallholders as the main practitioners of these technologies. China is the largest developing country in the world, and farmers, who account for over 98% of the micro-level agricultural operators nationwide, hold the key to agricultural development through the adoption of new agricultural technologies. However, in terms of the adoption of new agricultural technologies, the current adoption rate among farmers is generally low, with the vast majority still using extensive farming methods (World Bank, 2014; Chen, 2020). Existing studies have mainly explained farmers’ adoption of new agricultural technologies from the perspectives of farmer characteristics, transaction costs, technological risks, and diffusion channels. Additionally, migration for work, as an important form of non-agricultural employment, has gradually become a new entry point for scholars studying farmers’ adoption of new agricultural technologies, but the conclusions of existing literature are not yet consistent. Based on data from 8,391 samples across 243 counties in the CLDS2018, this paper systematically evaluates the impact of migration experience on farmers’ willingness to adopt new agricultural technologies. It deeply analyzes the mechanisms through which migration experience influences farmers’ willingness from the perspectives of capital accumulation, risk awareness, social networks, and agricultural cognition. Furthermore, it explores the significance of demographic characteristics in influencing farmers’ willingness to adopt new technologies, providing a new perspective for the promotion of new agricultural technologies.

Firstly, the study found that migration experience significantly increases the likelihood of farmers adopting new agricultural technologies. Farmers with migration experience are 26.65% more likely to adopt new agricultural technologies than those without such experience. This positive effect persists even after controlling for potential endogeneity bias and conducting a series of robustness tests. This study not only helps to reassess the value of farmers’ migration experience in promoting the dissemination of new agricultural technologies but also provides a deeper understanding of the development process of farmers’ adoption and application of new agricultural technologies. It offers factual support for further promoting the diffusion of new agricultural technologies and sustainable agricultural development.

Secondly, considering the heterogeneity in gender, age, and education level, the enhancement effect may vary. The heterogeneity results indicate that the impact of migration experience on farmers’ willingness to adopt new agricultural technologies differs by gender, age, and education level. This enhancement effect is more pronounced among male farmers, those born after 1980, and those with more than a primary school education. Therefore, in the process of promoting new agricultural technologies, training should be tailored to the attributes of farmers’ gender, age, and education level to select the most compatible and effective target groups.

Finally, it was found that migration experience not only has a direct effect on farmers’ willingness to adopt new agricultural technologies but also indirectly enhances this willingness through increasing capital accumulation, raising risk awareness, expanding social networks, and enhancing agricultural cognition. The results of this study confirm that capital accumulation, risk awareness, social networks, and agricultural cognition are important mechanisms through which migration experience influences farmers’ willingness to adopt new agricultural technologies.



5.2 Limitations

Despite using large national survey data organized by Sun Yat-sen University and employing various empirical analysis methods, this study still has limitations. Analyzing cross-sectional data makes it impossible to use fixed-effects models to control for individual differences that do not change over time. Additionally, due to limitations in the questionnaire information, it is not possible to further capture the impact of the duration of migration on farmers’ willingness to adopt new agricultural technologies, which is undoubtedly a significant regret of this study.



5.3 Policy implications

The conclusions of this study have important policy implications. First, for farmers with migration experience, they should be guided to combine the new skills and knowledge acquired through migration with modern agricultural production. This can be achieved through education, professional training, and technical guidance to improve their management quality and ultimately increase their adoption of new agricultural technologies. Second, when formulating policies, the agricultural sector should consider the differences in the adoption of new agricultural technologies among different groups (such as gender, age, and educational background). Customized support measures should be designed for different groups to ensure broad coverage and effectiveness of the policies. Finally, financial support and risk management training should be provided, and an information feedback mechanism should be established to enhance farmers’ preferences for agricultural production technologies, stimulate their enthusiasm for adopting new agricultural technologies, and thus promote the modernization and sustainable development of agricultural production.
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Soybean production, integral to sustainable agriculture and reliant on imports, faces vulnerability to international risk factors impacting domestic food security. The 2021 Central Rural Work Conference advocated strategic adjustments for sustainable soybean production amidst resource constraints, trade conflicts, and the lingering impact of COVID-19. This study scrutinizes the developmental framework of China’s soybean industry within current domestic policies. This paper uses the soybean sown area and soybean production in each province of China from 1995 to 2020 to measure China’s soybean concentration, production layout, and comparative advantage of regional scale, to analyze in depth the overall situation of China’s soybean production as well as the differences between regions, and to pave the way for the subsequent soybean production forecast. Further, taking the domestic soybean supply and demand situation in China in 2020 as the base period, while considering the growth values of soybean production under different scenarios, the potential forecasting model is utilized to estimate China’s soybean production under different scenarios. The results show that, in terms of inter-annual variability, revealing an upward trajectory from 1995 to 2020, with a shift to major soybean producing areas, notably in the northeast and the Huanghe-Huaihe-Haihe area. From inter-provincial changes, Soybean production on the left and right sides of the “Hu-Huanyong line” has significant heterogeneity; specifically, east of the “Hu-Huanyong line,” soybean production advantages are more obvious. Additionally, the study considered the actual planting situation of soybeans and envisaged two scenarios of compound planting and strip planting. The soybean production range in 2030 is expected to be 20.73–22.32 million tons and 21.15–27.55 million tons, with self-sufficiency rates varying from 18.57 to 19.98% and 18.95 to 24.68%, respectively. The research aims to provide a comprehensive understanding of China’s soybean industry and its potential trajectories, employing a model combining historical trends, policy analysis, and technological advancements. Results suggest a promising future with strategic adjustments in planting structures. Recommendations emphasize policymakers’ prioritization of technological investments and sustainable planting practices to achieve projected production targets. Policy interventions must address challenges tied to resource limitations, trade conflicts, and the ongoing COVID-19 effects, ensuring soybean industry resilience.
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1 Introduction

The relationship between food production and consumption has become a significant area of research, as it provides valuable insights into the connection between humans and ecosystems. Ecosystems play a crucial role in supplying the goods and services necessary for human survival. However, in recent decades, there has been a rapid increase in the global population, along with the development of socioeconomic conditions and more diverse consumption patterns. Estimations suggest that the global population is projected to reach 11.2 billion by the year 2100 (Khan et al., 2021; Islam et al., 2022). This population growth, coupled with the subsequent increase in resource demand, poses a significant challenge to sustainable agriculture and food security, particularly in the context of climate change and shifting land-use patterns. Consequently, there is intense competition to produce an adequate quantity and quality of food to meet the demands of the growing population (Khan et al., 2021). Furthermore, the COVID-19 pandemic has additional exacerbated food security concerns for many countries, impacting both resident production and international trade. The pressures arising from global climate change, including abiotic and biotic factors, have steadily undermined sustainable agricultural practices, posing substantial threats to worldwide food production (Yadav et al., 2015). As a result, numerous industrialized nations have acknowledged the necessity of embracing contemporary agricultural technology. This is crucial to guaranteeing food security for their expanding populations while also advancing sustainable industries and fostering economic growth simultaneously.

In response to these challenges, researchers are now investigating agricultural diversification as an alternative strategy for developing nations. Given the pronounced and detrimental environmental impact of modern agriculture, which has played a pivotal role in exacerbating climate change, there is heightened scrutiny of the ecological consequences associated with digitally-focused agricultural systems that have been embraced and valued for decades without due consideration for environmental factors (Siamabele, 2021). The current farming techniques, as they currently stand, are unsustainable due to their detrimental effects on the environment and wasteful use of vital resources. Consequently, it becomes imperative to overhaul the foundational assumptions guiding fundamental plant scientific research and the orientation of demand-driven plant breeding, to enable crops to flourish in both typical and resource-constrained conditions. Due to its remarkable adaptability, ability to thrive in diverse environmental conditions, and significant multifaceted influence, the cultivation of soybeans is strongly advocated in these specific contexts. It is worth noting that a handful of nations, including the United States, Brazil, Argentina, India, and China, exert substantial dominance over global soybean production (Pagano and Miransari, 2016; Islam et al., 2022).

Soybeans hold a pivotal role as the most crucial grain and oil crop, with their growth being of utmost importance for both food and oil security (Ma, 2016; Pagano and Miransari, 2016; Wang et al., 2023). In 2020, China acquired 100.33 million tons of soybeans, with imports accounting for approximately 90% of this volume, owing to their high-quality production (Ren et al., 2021). According to projections outlined by Liu et al. (2021), soybean demand is expected to surge to 133 million tons by 2035. This heavy dependence on imports exposes China to various risks, including unstable international political relations, recurrent outbreaks of the novel coronavirus epidemic, catastrophic weather events, and the volatility of import trade policies in soybean-importing nations. Notably, in 2020, 11 countries, most notably Vietnam and Russia, imposed restrictions on the export of agricultural goods, leading to speculations in commodity markets such as soybeans. Furthermore, major soybean-producing nations like the United States and Brazil face the looming threat of reduced production. The global soybean market directly influences the international agricultural products market, thereby affecting domestic soybean supply, overall market growth, animal husbandry, and related industries (Yao et al., 2020).

On a global scale, China’s soybean business remains generally unprofitable (Sturgeon et al., 2016). This is primarily due to the combination of low soybean production and high production costs. In 2020, the average production cost of soybeans in China stood at 720.52 yuan per mu, which is double the production cost in the United States and Brazil. However, the yield per unit in China is only three-fifths of that in the United States, and it lacks a pricing advantage over imported soybeans. In 2020, the cost of imported soybeans exceeded 3,200 yuan per ton, while local soybean prices surpassed 5,700 yuan per ton, resulting in a price differential of more than 2,000 yuan per ton between domestic and foreign soybeans. Additionally, the expansion of domestic soybean-growing regions has been modest. From 1995 to 2020, China’s average annual growth rate for soybean plantation areas was a mere 0.79%, which is less than one-third of that for maize. Ensuring a consistent soybean supply is a significant responsibility within the agricultural and rural sectors, as places substantial emphasis on the local production capacity of imported agricultural goods (Zhang, 2017). Both the National Agriculture Sustainable Development Plan (2015–2030) and the Central Rural Work Conference of 2021 have underscored the necessity to optimize and transform the agricultural planting structure, increase the cultivation area for soybeans and oilseeds, and promote higher output.

In 2022, Central Document No. 1 took a significant step by strongly endorsing the Soybean Oilseed Capacity Improvement Project. This commitment was further solidified through the issuance of the “Guiding Opinions of the Ministry of Agriculture and Rural Affairs on Ensuring Successful Soybean Oilseed Expansion in 2022.” Provinces such as Heilongjiang, Hebei, Shanxi, Jilin, Sichuan, Shaanxi, and others began implementing measures to expand soybean production. These efforts aimed to refine the task of increasing soybean production capacity, clearly indicating the central government’s policy direction regarding soybeans. Each province received distinct policy guidance tailored to its production potential. Therefore, it is imperative to comprehend the patterns governing China’s soybean production layout, delineate the primary soybean-producing provinces, and enhance the nation’s soybean production potential. This strategic approach aligns with the overarching goal of ensuring basic self-sufficiency and absolute food security, holding immense significance in stabilizing China’s domestic strategic landscape concerning agriculture and reducing the vulnerabilities associated with international soybean imports. Research on the distribution of agricultural production is relatively extensive and predominantly focuses on two key aspects. Firstly, it investigates shifts in the geographical distribution of various agricultural products, encompassing varieties such as cotton (Feng et al., 2022), vegetables (Wang et al., 2018), peanuts (Moisa et al., 2022), dairy cattle (Chen et al., 2022), and major grain crops (Liu et al., 2019). These studies employ a range of methodologies, including the theory of comparative advantage, comprehensive advantage indices, and concentration coefficients. Secondly, research delves into the factors influencing agricultural production layout, primarily revolving around agricultural and natural resources, regional economic benefits, scientific and technological advancements, and geographic environments (Chai et al., 2019; Yu et al., 2019, 2022; Liu et al., 2020; Chen et al., 2022a).

When examining the soybean industry’s layout, some scholars contend that China boasts comprehensive comparative advantages in soybean production, particularly in the Northeast and the Huanghe-Huaihe-Haihe production areas (Xu et al., 2001). Over time, the dominant regions for domestic soybean production have shrunk, and the industry’s layout has shifted closer to these dominant areas, resulting in a trend where soybean cultivation area and production have increased in northern regions while yield growth has expanded in southern regions (Wang, 2014). Conversely, some scholars argue that over the past 2 decades, soybean production has exhibited fluctuations and overall growth, forming a spatial pattern characterized by “concentration in the northeast and diffusion in the southwest” (Chen et al., 2022b). Notably, existing studies demonstrate variations in data periods used by scholars, with Wang (2014) and Chen et al. (2022b) focusing primarily on the years from 1978 to 2018 and employing slightly different research methodologies, including qualitative analysis, concentration indices, comprehensive comparative advantage indices, locational entropy, and the Gini coefficient, among others. Given the significant shift in China’s soybean policy orientation after 2017, marked by a more pronounced incentive for soybean cultivation (Wang and Si, 2021), it becomes essential to conduct further research to understand the latest evolutionary patterns in China’s domestic soybean production dynamics. This aims to capture the changing landscape of soybean production regions and more precisely enhance China’s soybean production potential.

The first perspective is centered on maximizing the existing growth potential of grain production, with a primary focus on expanding the capabilities of current grain production methods. This research encompasses a wide scope, including major food-producing nations across the globe (Zhou et al., 2015), countries along the Belt and Road initiative (Zhang et al., 2021), the African region (Marrison and Larson, 1996), and key grain-producing provinces within China (Cao et al., 1995; Yao et al., 2020). Methodologies employed in this context predominantly utilize Geographic Information System spatial tools, the Global Agro-Ecological Zoning method, productivity decay models, and step-by-step revision models that address limiting factors.

The second perspective involves projecting future grain production based on current agricultural conditions, with a particular emphasis on forecasting potential growth in grain production. This research is more China-centric, examining macro-level dynamics (Wu and Wang, 2002), secondary cropping areas (Hu et al., 2002), and individual grain-producing provinces (Lu et al., 2013). Methodologies utilized encompass gray correlation coefficients, linear regression, smoothing indices, autoregression, time series trend forecasting, and empirical extrapolation. Although various methods have been applied by scholars such as Wu and Wang (2002), Wang et al. (2020), Si and Han (2021), and Zhu et al. (2022) to forecast domestic soybean production between 2025 and 2030, existing studies have primarily focused on the national level. However, considering the disparities in production conditions and policy implementation across different provinces, it becomes more meaningful to extend these forecasting results to the provincial level.

Considering the central government’s initiative for complex planting expansion of oilseed crops in 2022 and drawing upon the research of Zhu et al. (2022), which emphasizes yield improvement and the expansion of soybean cultivation areas, this study aims to evaluate the development of sustainable agricultural production at the local level in China and its reliance on imported products. To anticipate China’s soybean potential, including technical advancements and management model enhancements, and to align these with soybean production, we refine indicator selection and future potential forecasts. This research further segments the 2030 soybean potential forecasts by province, considering production layouts, thereby providing a roadmap for optimizing future arrangements. Such an approach ensures a more comprehensive understanding of China’s soybean production potential and guides strategic planning for the future.

To summarize, this paper uses China’s inter-provincial panel data from 1995 to 2020 to explore China’s soybean production layout and future development potential through soybean production advantage coefficient measurement, scenario hypothesis forecasting, and other research methods. The results of this paper are intended to provide help for regional soybean production layout planning, relevant policy proposals, and practical production guidance, as well as to provide a reasonable analytical framework for research on bean production in other countries.

This paper has four parts, following the introduction. Section 2 shows the methodology and data sources. Section 4 presents the results and discussion, and finally, Section 5 outlines the details conclusions of the study.



2 Theoretical framework

This study seeks to explore the complex interplay of factors influencing soybean production in China and the critical role it plays in ensuring food security. The theoretical framework for this study draws upon key theoretical concepts and principles that provide a comprehensive foundation for understanding the dynamics of soybean production, sustainability, and food security in the Chinese context. Food Security Theory: At the heart of the study lies the concept of food security. Food security, a fundamental principle in agriculture and economics, emphasizes the importance of ensuring that a nation has reliable and stable access to enough nutritious food supply to meet the dietary needs of its population (Maxwell and Smith, 1992; Food and Agriculture Organization, 1996). In the context of soybean production, food security is central, as soybeans are a critical component of the Chinese diet and a primary source of protein. Food security theory guides the assessment of how import-independent domestic soybean production influences the stability and adequacy of China’s food supply (Timmer, 2004). Agricultural Sustainability Theory: the study also draws on the principles of agricultural sustainability, which focus on the development and implementation of agricultural practices that are environmentally responsible, economically viable, and socially equitable. These principles underscore the importance of practices that reduce negative environmental impacts, ensure long-term agricultural viability, and promote social equity (Francis et al., 2003; Pretty, 2008). In the context of soybean production, agricultural sustainability theory guides the evaluation of the environmental, economic, and social implications of domestic production. Import-Dependency and Vulnerability Theory: Given China’s reliance on imports for soybeans, the study incorporates the theory of import-dependency and vulnerability. Import-dependency theory emphasizes the risks associated with relying on foreign sources for essential agricultural products. Vulnerability theory explores the susceptibility of a nation’s food supply chain to external shocks, including resource limitations, international trade conflicts, and pandemics (Barrett and Li, 2002; Zhu et al., 2023). These theories inform the assessment of China’s vulnerability to shifts in international risk factors and the implications for its food security. By applying these theories and concepts, the study aims to address the critical questions surrounding sustainability, food security, and import dependency. The framework informs the research methodology, data analysis, and policy recommendations, contributing to a comprehensive understanding of the sustainable future of domestic soybean production in China and its implications for food security.



3 Methodology and data sources


3.1 Evaluating soybean industry concentration measurements at the national level

To measure the overall changes in the layout of soybean production areas in China, the concentration coefficient measurement method is used to reflect the regional distribution characteristics of soybeans to a certain extent. The higher the concentration factor of the production area, the more concentrated soybean planting is in a few areas. Drawing on the method of Liu et al. (2002), the following steps were taken.

[image: Equation showing A equals SAi divided by SA, with a reference number (1) next to it.]

where A is the grouping of the proportion of soybean sown area in each province of China to the soybean sown area in China, divided into six groups of less than 1, 1–3%, 3–5%, 5–7%, 7–10%, and more than 10%; SAi is the soybean sown area in each province in that year, and SA is the total soybean sown area in China in that year.

[image: Mathematical equation showing probability: \(P_i = \frac{PA_i}{PA}\) labeled as equation (2).]

Pi represents the number of provinces in each group as a proportion of the total number of provinces after being divided into six groups; PAi represents the number of provinces in each group; PA represents the overall provinces in all groups.

[image: Mathematical equation displaying \( Y_i = \frac{AA_i}{AA} \) followed by the number three in parentheses.]

Yi represents the sum of the soybean sown area of the provinces present in each group as a proportion of the total sown area of the whole group; AAi represents the sum of the soybean sown area of the provinces present in each group, and AA represents soybean sown area in China.

[image: Mathematical expression showing \( U_i = \sum Y_i(4) \).]

Ui represents the cumulative share of the sown area in each group.

[image: Equation showing \( V_i = U_{i-1} + U_i(5) \).]

Vi represents the cumulative soybean sown area share for each subgroup added two by two according to rank.

[image: Mathematical equation showing \( S_i = V_i \times P_i(6) \).]

Si represents the multiplication of each group Vi with Pi.

[image: Equation showing \( G = \frac{S_i}{10000} - 1(7) \).]

G represents the soybean production concentration factor. A larger G for each year represents a higher degree of concentration.



3.2 Measurement of production concentration advantages by the province in China

The layout of soybeans by the province in China is observed from the perspective of soybean production, and a province is defined as a major soybean-producing province if its soybean production in that period accounts for more than 1% of China’s soybean production in the same period.

[image: Mathematical formula: \( C_i = \frac{Y_{it}}{Y_t} \). Labelled as equation (8).]

Ci represents the concentration of production in each province, Yit is the soybean production in a province in a given period, and Yt is the national soybean production in a given period.



3.3 Soybean regional scale comparative advantage measurement

The scale comparative advantage index can reflect the scale and specialization of soybean production in a given region from the perspective of the sown area to observe the layout of soybeans in each province in China, which facilitates the observation of inter-province differences.

[image: Mathematical equation illustrating the formula for \(SI_{ib} = \frac{\left( \frac{GS_{ib}}{GS_{ig}} \right)}{\left( \frac{GS_b}{GS_g} \right)}\), labeled as equation (9).]

The formula SIib denotes the comparative advantage index of soybean cultivation scale in region i, GSib denotes the area of soybean cultivation in region i, GSig denotes the area of all crops cultivated in region i, GSb denotes the area of soybean cultivation in the country, and GSg denotes the area of crops cultivated in the country. SIib > 1 means that region i has a scale advantage in producing soybeans and less than 1 which means that it does not have a scale advantage.



3.4 Production potential indicators measurement

The main indicators in the study of production potential are self-sufficiency measurements, yield forecasts, and the choice of a banded composite model.

[image: Formula for P: \((S + F) / D\), where the divisor \(D\) is specified as 10.]

P is the soybean self-sufficiency rate, S is China’s domestic supply, D is China’s domestic demand, and F is the value of production growth resulting from different scenario assumptions, with China’s domestic supply and demand both based on the year 2020.

[image: Equation showing \( Q = Q_s + Q_f(11) \).]

Q represents the production forecast, Qs represents the baseline domestic soybean production in 2020, and Qf represents the increase in production under different scenarios.

[image: Text reading "Strip composite mode 1: M equals S divided by C(12)".]

Where S is the total area of technical transformation of the 16 provinces of China in 2022 for the banded composite cropping pattern and C is the total area of maize sown in the 16 provinces in the base year (2020).

[image: Strip composite mode one is represented by the equation \( M_2 = \frac{S_2}{C} \), labeled as equation 13.]

S2 is the planned strip composite planted area in 2025, and C is the total maize sown area in 16 Chinese provinces in the base year (2020).



3.5 Data source

The data on soybean density and competitive advantages of scale came from the China Statistical Yearbook for 1996–2021, which also included forecasts for soybean production, supply, and demand for soybeans for 2020 as the base year from the Food and Agricultural Organization (FAO) database, information on the area under strip planting in 2022 from the Ministry of Agriculture and Rural Affairs of China, and online data from provincial agricultural and rural departments.




4 Results and discussion


4.1 Layout of soybean production in China and its changing characteristics


4.1.1 Regional concentration of soybean production in China

China’s soybean production is moving from decentralized to centralized, and the year 2000 became a watershed of change (Figure 1). Before 2000, the soybean planting area in China was relatively scattered. After that, the soybean planting area showed a trend of increasing concentration. Especially after 2018, the soybean concentration increased sharply and reached a peak in 2020. In 1995, the concentration coefficient was 0.49. From 1995 to 2020, the soybean concentration increased to the concentration in three stages: First, China’s soybean production was relatively scattered from 1995 to 1999, and the concentration coefficient was small but remained unchanged at around 0.48. Second, from 2000 to 2009, the concentration coefficient increased rapidly, from 0.54 in 2000 to 0.64 in 2009. From 0.54 in 2000 to 0.64 in 2009, the average annual growth rate was 2.04%. Third, from 2010 to 2020, the concentration coefficient increased steadily, from 0.62 in 2010 to 0.67 in 2020, with an average annual growth rate of 0.88%. After 2018, the growth rate was even faster, reaching 3.84%.

[image: Line graph showing a red line tracking data from 1995 to 2020 on the x-axis, with values ranging from 0.5 to 0.7 on the y-axis. Peaks occur around 2007 and 2020.]

FIGURE 1
 Change in the coefficient of concentration of sown area for soybean production in China, 1995–2020. Data source: China Statistical Yearbook (1996–2021).




4.1.2 The evolution trends of soybean production layout in China

To examine the yield changes in China’s soybean-producing provinces, the concentration index is used for analysis in Table 1. The concentration index refers to the proportion of soybean production in a region to China’s production in the same period. According to the method of Liu (Chen et al., 2022b), relevant provinces with a soybean production concentration greater than 1% were screened out, and the comparisons were made according to the time series to observe the comparative changes in soybean production provinces.



TABLE 1 China’s main soybean-producing provinces and production concentration from 1995 to 2020 Unit: %.
[image: A table shows the production concentration percentages of Chinese provinces across six years: 1995, 2000, 2005, 2010, 2015, and 2020. Heilongjiang consistently has the highest concentration, peaking at 46.95 in 2020. Inner Mongolia and Anhui also feature prominently. The data covers various regions, with total production concentrations slightly fluctuating around mid-to-high 90s. Data is sourced from the China Statistical Yearbook, 1996-2021.]

From the analysis of soybean production areas, the top 10 soybean-producing provinces (concentration index >1) (Figure 2) gradually evolved from the original Northeast and Huanghe-Huaihe-Haihe production areas to a multi-point layout of Northeast, Huanghe-Huaihe-Haihe, Southwest and middle and lower reaches of Yangtze River production areas, and the dominant main production areas are developing into a diversified trend. Before 2005, the top 10 provinces in terms of concentration were mainly dominated by Northeast and Huanghe-Huaihe-Haihe production areas, but after 2005, the dominance of provinces in the Southwest and middle and lower reaches of Yangtze River production areas has become more obvious. For example, Sichuan Province in the southwest production area rose from tenth place in 1995 to third place in 2020; Yunnan Province, which did not enter the range of major soybean-producing provinces in 1995, rose to tenth place in 2020. The concentration of some provinces in the Northeast and Huanghe-Huaihe-Haihe production areas has dropped significantly, such as Liaoning Province from ninth place in 1995 to thirteenth place in 2020; and Hebei Province from fourth place in 1995 to 16th place in 2020.

[image: Four maps of China (labeled A, B, C, D) display the distribution of a variable using a color-coded legend. Regions are colored based on value ranges: light yellow (<0.5), yellow (0.5-1), orange (1-2), and red (>2). Grey indicates no data. Each map uses identical color codes but may vary in regional representation. A scale bar and north arrow are included.]

FIGURE 2
 Regional map of comparative advantages of scale (a = 1995; b = 2008; c = 2017; d = 2020).


Although the regions are diversified, from the perspective of the provincial level, the trend of concentration of advantageous production areas is obvious. From 1995 to 2020, the concentration ratio of provinces greater than 1% did not change much, but the concentration ratio of the top 10 provinces increased. The concentration ratio of the top 10 provinces increased from 78.40% in 1995 to 86.53% in 2020. The fastest provinces are Heilongjiang and Inner Mongolia. The proportion of the two provinces has risen from 31.65 and 3.89% in 1995 to 46.95 and 11.98% in 2020, respectively.



4.1.3 Analysis of the comparative advantages of regional scale of soybean production in China

To analyze the layout of soybean production in China from the perspective of the sown area in each province, the scale comparative advantage coefficient was obtained using the ratio of the sown area in each province to the national sown area, and if the coefficient is greater than the 1, it means that the degree of soybean production specialization in that region is higher than the national average in the same period. SIib > 2, 2 > SIib > 1, 1 > SIib > 0.5, and SIib < 0.5 correspond to obvious and strong comparative scale advantages and weak and obvious comparative scale disadvantages, respectively. Chinese provinces with comparative advantage in soybean scale are mainly concentrated in the spring soybean-producing areas in the Northeast and the summer soybean-producing areas in the Huanghe-Huaihe-Haihe, with a tendency to spread to the middle and lower reaches of the Yangtze River over time, and the number of provinces with scale advantage is decreasing year by year. The trend is like that of production concentration, so the concentration coefficient and the scale comparative advantage index have some consistency in reflecting the regional layout of soybean production in China.

From the perspective of Chinese provinces, except for provinces with a clear scale disadvantage (SIib < 0.5) for soybeans, all other scale-advantaged provinces are around the “Hu Huanyong line” with interannual variation and a tendency to the right. Not many provinces are in the obvious scale advantage area, mainly in the traditional grain-producing areas (Heilongjiang, Inner Mongolia, Jilin, and Anhui). Soybean production has been at a clear scale comparative disadvantage in relatively remote areas such as Xinjiang, Tibet, Hainan, Yunnan, and Gansu, which are more closely related to natural condition factors; likewise, Beijing, Jiangsu, Guangdong, Chongqing, and Shanghai, which are also at a clear scale comparative disadvantage, are all non-traditional grain-producing provinces whose urban positioning, agricultural development goals, and natural state are not It is worth noting that although Sichuan Province does not have an obvious scale comparative advantage, the scale comparative index has improved significantly, and it is also a key area for soybean ribbon complex planting transformation in recent years.




4.2 Production potential forecast for China’s major soybean-producing provinces


4.2.1 The main reference basis for scenario setting

Figure 3 shows the information extracted from the “Soybean Revitalization Plan,” “14th Five-Year Plan,” and the development goals and positioning of future planting areas, yield level, and technological enhancement proposed in the Central Government’s No. 1 document on soybean development in recent years were used as the main basis for soybean potential estimation in this study on the pattern of layout changes.

[image: Flowchart detailing China's soybean industry planning. Columns show planning initiatives, promulgation dates, objectives, and specific details. Initiatives include the Soybean Revitalization Program, various plans, and conferences. Objectives focus on expanding production, adhering to redline limits, and ensuring food security. Details outline targets such as increasing planting areas, tackling growth challenges, boosting oil production, and stabilizing yields.]

FIGURE 3
 Soybean industry development forecast main reference bases and sources. Data source: General Office of the Ministry of Agriculture and Rural Affairs, the Central People’s Government of the People’s Republic of China, and other websites.




4.2.2 Main parameters and basis of scenario-set indicators

As the “14th Five-Year Plan” period is an important window for promoting the modernization of agriculture and rural areas, it is important to increase the changes in agricultural technology and organizational management to enhance the overall modernization of agriculture (Table 2). Combining the development of China’s soybean industry, the potential projections for each major province of soybean in China in 2030 were made by combining available information with actual fitted scenario setting parameters under two scenarios of technology level upgrading and banding compound planting and management technology improvement utilization.



TABLE 2 Soybean industry scenario.
[image: Table of parameter indicators for soybean in China, covering years 2020 to 2030. It includes soybean acreage, growth rates, band composite mode boosts, and soybean yield. Values range from 0.56% to 20%, with a yield of 100 kg. Data sources include Chinese government websites and FAO.]



4.2.3 Scenario setting and production forecast (2030)

The first scenario involves technological development. “Improving yields through technological development is the engine of domestic soybean production growth in China during the 14th Five-Year Plan but given that technological advances in domestic soybean production in China do not show an accelerating trend over time, the growth rate of soy-bean in 2030 should not be set too high when forecasting production,” says the report. Referring to the method of Zhu (Wang, 2014) for extrapolating the average annual growth rate of yields to predict future soybean yield levels and setting the average annual growth rates of domestic Chinese and Indian soybeans from 2004 to 2020 as low and medium, respectively, and referring to Liu et al. (2002) to set their predicted values to the high growth rate value of this scenario, which is more in line with the domestic soybean development. The value of soybean production increase in each province after the technological level improvement with the same soybean sowing area in 2020 is shown in Table 3.



TABLE 3 Soybean production by Province in China under different growth rates in 2030.
[image: Table displaying coal production data across various Chinese provinces. Columns list baseline production in million tons, and projections at low (0.56%), median (0.73%), and high (1.3%) growth rates. Total figures are included at the bottom. Data source is collated and measured.]

Considering the average annual growth rate in 2020 as our reference point, China’s domestic soybean production is projected to reach 20.7257, 21.0787, and 22.0323 million tons by 2030, respectively (refer to Table 4). This trajectory indicates self-sufficiency rates of 18.57, 18.89, and 19.98%, respectively. Regardless of growth rates, it is noteworthy that the top five provinces Heilongjiang, Inner Mongolia, Sichuan, Henan, and Anhui accounted for a significant 73.6% of total national production in the base period. The strategic development of the soybean industry in these provinces holds pivotal importance for future soybean cultivation in China, particularly if technological advancements are leveraged effectively. The technological model for planting and managing the soybean-corn ribbon complex has been upgraded in scenario 2. For China’s domestic food security in the future, expanding soybean planting in the northeast and promoting corn-soybean ribbon complex planting in the northwest, the Huanghe-Huaihe-Haihe zone, the southwest, and the middle and lower reaches of the Yangtze River become crucial strategic directions. The Chinese Ministry of Agriculture and Rural Affairs arranged the promotion of 15.5 million mu of ribbon composite planting model in 16 provinces (municipalities and districts) countrywide in 2022 as one of the major models to enhance soybean production increase from 2021 onward. Therefore, scenario 2 focuses on measuring the potential contribution of maize ribbon composite to the growth of soybean domestic production potential in each province in China, and at this stage, the promotion of ribbon composite technology is mainly in 16 provinces outside the non-northeastern production areas and is based on the spirit of the 2021 China Central Rural Work Conference and the 14th Five-Year Plan for National Plantation Development. Technology promotion requirements. Based on the existing extension area in 2022, the low extension ratio in 2030 is set at 3.9%; the median extension ratio in the 14th Five-Year Plan is set at 12.59%; and the high extension ratio is set at 20%, to examine the yield that can be released in each province in 2030 shows in Table 4.



TABLE 4 Growth of domestic soybean production in China under different banded composite technology promotion areas, 2030.
[image: Table of provincial data including base values from 2020, with projections at low 3.90 percent, median 12.59 percent, and high 20 percent increase rates. Inner Mongolia to Xinjiang and others are listed, with a promotion decision column. The total values for each category are at the bottom.]

According to Scenario 2, where the future penetration rate of the belt composite technology is different in each province, taking 2020 as the benchmark, China’s domestic soybean production in 2030 will be 21.1494, 24.618, and 27.5457 million tons, respectively. The self-sufficiency rates were 18.95, 22.04, and 24.68%, respectively. If the belt compound planting technology continues to be developed in the future, the production share of the top five regions (Inner Mongolia, Sichuan, Henan, Anhui, and Shandong) in which the belt compound technology is adopted will increase from 29.49 to 31.36%, 34.69 and 34.69% of the original benchmark. 36.86%. If the Northeast region continues to increase the soybean planting area, China’s domestic soybean production will continue to increase in the future.





5 Conclusion, policy implications, and limitations


5.1 Conclusion

This research reveals a growing concentration of soybean production in China, driven by limited domestic arable land resources and a heavy reliance on imports. China’s soybean planting concentration has steadily increased since 1995, particularly after 2000, with the concentration coefficient of soybean planting area consistently exceeding 0.5. This shift reflects a transition from dispersed to aggregated domestic soybean planting. The scale-based comparative advantages in soybean distribution in China align closely with concentration calculation results. Based on the scale comparative advantage index, regions like Heilongjiang and Inner Mongolia have maintained a clear scale-based comparative advantage for an extended period, particularly Heilongjiang, where the scale comparative advantage index consistently surpasses five. In recent years, provinces like Anhui and Zhejiang, situated in the Huanghe-Huaihe-Haihe region, have also exhibited strong comparative advantages in scale. In the current phase, the issue of food security has evolved from a problem of insufficient supply to an imbalanced planting structure, particularly concerning soybean production. Accelerating the structural reform of the agricultural supply side, expanding soybean cultivation, and forecasting future soybean planting potential within the existing framework are essential steps to ensure national food security in the new era. Scenario analysis, considering advancements in technical capabilities and the adoption of strip compound planting methods, indicates that China’s domestic soybean self-sufficiency rate will increase to varying degrees. The highest self-sufficiency rate is projected to reach 19.98 and 24.68%, respectively, depending on the model used. With additional incentives for expanding soybean production in Northeast China, it is plausible that the domestic soybean self-sufficiency rate could reach 30% by 2030.

Against the backdrop of the current macro-food concept, structural contradictions in China’s food supply and demand have gradually emerged, with the structure of food production lagging behind the continuously upgrading consumption structure, which is highlighted by the fact that the supply of soybeans is mainly dependent on the international market, which has become a risk to China’s food security. Although China’s soybean is faced with low yields and slow growth, unstable planting areas, and a mismatch between the supply and demand structure of the “triple dilemma,” but still has a certain potential to increase production space. This paper on the soybean production layout and future production potential analysis can better clarify the domestic soybean production status quo, at the same time on the future production of soybean to provide scientific guidance, and further promote China’s soybean supply and demand balance, national food security and regional human well-being enhancement.



5.2 Policy implications

The study underscores the need for structural reforms in China’s agricultural sector, with a focus on the soybean production system. Policies should be devised to encourage a more balanced and distributed planting structure, moving away from the current trend of concentration. This might involve incentivizing soybean cultivation in regions that have the potential for increased production. To enhance national food security, policies should promote the diversification of soybean planting regions. Emphasizing the development of soybean cultivation in provinces beyond the traditional strongholds like Heilongjiang and Inner Mongolia can contribute to a more resilient and distributed supply chain. The study suggests that advancements in technical capabilities and the adoption of innovative planting methods can positively impact soybean self-sufficiency. Policymakers should consider incentivizing the adoption of these technologies by farmers and investing in research and development to improve soybean productivity. The shift like food security challenges from insufficient supply to imbalanced planting structures calls for long-term planning. Policies should focus on forecasting future soybean planting potential and adapting to changing circumstances to ensure a steady and secure domestic soybean supply.



5.3 Limitations of the study

The study’s scenario analysis relies on the assumption that factors influencing soybean production, such as technological advancements and planting methods, will remain relatively stable. In reality, external factors like climate change, market dynamics, and policy shifts could introduce uncertainties that may impact the accuracy of projections. The study simplifies the agricultural system by focusing on soybean production concentration and comparative advantages. However, the broader agricultural landscape involves multifaceted interactions and dependencies. The study may not fully capture the complexities of these interrelationships. The study primarily addresses domestic factors influencing soybean production, but it may not fully account for global market dynamics and trade dependencies. Changes in international markets and trade agreements could significantly impact China’s soybean self-sufficiency. The study primarily emphasizes economic and technical dimensions, neglecting the potential social and environmental ramifications of expanding soybean cultivation. Policies formulated from this research ought to integrate considerations for environmental sustainability and the social welfare of local communities. Although the study acknowledges the necessity for structural reforms, it lacks specific policy recommendations. Researchers may require further investigation and consultation to devise detailed and impactful policy measures based on the study’s findings. By addressing these shortcomings and capitalizing on the policy implications, a more holistic and efficient strategy can be developed to bolster soybean production and uphold food security in China.
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Introduction: Women play an important role in maintaining household food security; unfortunately, their food security is frequently neglected. This type of phenomenon has become common in developing nations such as Bangladesh, particularly in its rural areas. The objective of this study is to investigate the variables that lead to the empowerment of rural women and its impact on their food security. In acknowledging women's significant contribution to achieving Sustainable Development Goal 2 (SDG-2)- Zero Hunger, this study investigates how access to resources, social support, and policy perceptions impact women's empowerment and food security.
Methods: A total of 480 rural women from the southern part of Bangladesh were questioned, and their responses were analyzed using partial least squares structural equation modeling.
Results: We found that access to resources, social support, and policy perceptions explain 74% of women's empowerment variance and women's empowerment explains 70% variance of women's food security. Access to resources and social support has significant positive impacts on women's empowerment. However, policy perceptions have a positive but not significant impact on women's empowerment. We also observed that women's empowerment significantly improved their food security.
Practical implications: To empower women and improve their food security, the accessibility of resources and support from social networks must be improved. The study emphasizes the importance of strengthening the government's policies, which aim to improve the livelihood conditions of vulnerable people through regular monitoring to overcome underlying obstacles. Our study offers empirical data that policymakers can use to address complex food affordability and security challenges during global crises, enabling the achievement of SDG-2 in rural areas of Bangladesh and similar societies.
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1 Introduction

Food security is a prominent concern in the rural regions of Bangladesh, particularly for women who face poverty and societal exclusion (Tariqujjaman et al., 2023). The sustainable development goals (SDGs) seek to address the most significant challenges in human development. These objectives are grouped into 15 categories and include specific targets and indicators to measure progress. The first and second goals are to: (1) eradicate poverty in all of its forms on a global scale; and (2) eradicate hunger, achieve food security, enhance nutrition, and promote sustainable agriculture (United Nations, 2015). However, the degree of food insecurity has often been above the levels required to achieve the SDGs about hunger and nutrition (United Nations, 2020). Household food insecurity refers to a situation when there is inadequate availability of food that is both nutritionally safe and meets the dietary needs for sustaining an active and healthy lifestyle. Food insecurity significantly contributes to world hunger and malnutrition (Chowdhury et al., 2016). In 2018, almost 26.4% of the global population experienced severe or moderate food insecurity (United Nations, 2020). Due to financial constraints or limitations to resources, people often face moderate food insecurity that prevents them from buying nutritious and adequate meals regularly (United Nations, 2021).

Food insecurity and chronic child malnutrition are two issues in South Asia that are caused by gender inequalities in health and education, as well as women's low status (von Grebmer et al., 2014). South Asian nations possess the second-largest disadvantaged and malnourished populations globally, and they suffer significant health problems since the majority of their citizens experience acute hunger (FAO et al., 2019). Food insecurity is an important health concern in Bangladesh, especially for women and children (Akhtar, 2016; Wei et al., 2021a). Women in Bangladesh with children are prone to encounter food insecurity and inadequate food consumption due to financial constraints (Shannon et al., 2008). Rural women in Bangladesh experience food insecurity due of low women's empowerment status within their communities (Wei et al., 2021a).

Empowering women has been recognized as an effective way to improve family food security and nutrition (Sraboni et al., 2014). Empowerment refers way by which a person gains the capacity to make independent choices to lead a life that they consider precious (Kabeer, 1999; Galiè et al., 2017). The sustainable development agenda targets gender equality and women's empowerment with the goal to increase women's opportunities and reduce the gender gap (Agarwal, 2018). SDG-5 is a component of the 17 SDGs which specifically aims to achieve gender equality and empower women. Attaining this SDG may promote the establishment of sustainable economies, a harmonious society, and comprehensive advancement. Gender equality and the women's empowerment are crucial factors in attaining SDG 2 in the rural regions of Bangladesh. Scholars and development practitioners are still working to understand what defines this ability for self-determination and to identify the important dimensions of empowerment that may be assessed. The selection of domains to give preference to, such as economic, psychological, or political, may be influenced by factors such as the specific local environment or the subject matter being studied (Bayissa et al., 2018). Research has shown that in the context of empowerment and nutrition, when women contribute money to their families, there is a greater chance of improving child and household nutrition compared to when males contribute money (Smith et al., 2003). Nevertheless, a complex and comprehensive understanding of the ways in which women's empowerment impacts household nutrition and food security remains elusive. For instance, research carried out in Ghana showed that the empowerment of women had a significant correlation with the quality of breastfeeding practices, but only weakly positively associated with child nutrition status (Malapit and Quisumbing, 2015). Research conducted in South Africa discovered that some aspects of women's empowerment, which were impacted by socio-cultural variables that directly impeded agricultural productivity, had an obvious effect on food security (Sharaunga et al., 2015).

In addition to poverty and economic difficulties, there are other variables in people's lives that could impact their ability to fulfill their dietary needs and make them more susceptible to food insecurity like social network issues (Miller et al., 2015; Sseguya et al., 2018). Social support comprises emotional and informational cooperation provided by those within one's social network, including spouses, family members, relatives, neighbors, and other community members (Brummett et al., 2005; Sharifi et al., 2017). Research demonstrated that social support programs have a significant impact on empowering women and addressing issues related to food security and reducing vulnerability (Devereux, 2016). However, different results were also obtained by Walker J. L. et al. (2007) that there is a negative correlation between social support and food insecurity, which has a direct impact on health status. The nature of social support varies depending on cultural, ethnic, and socioeconomic factors (Miller et al., 2015).

Micro-credit initiatives are widely acknowledged as a potent means of empowering women, particularly in rural regions of poor nations such as Bangladesh. These initiatives offer microcredit to women who are unable to use conventional banking services, allowing them to initiate or grow small enterprises, invest in agricultural resources, and enhance their household's financial security (Khandker et al., 2016). The Grameen Bank, founded by Nobel laureate Muhammad Yunus, is a leading institution in the field of micro-credit. It has shown that micro-credit may greatly improve women's economic activity and empowerment (Yunus, 2006). Micro-credit enables women to achieve financial autonomy and enhance their authority in making decisions both at home and in the community (Khursheed, 2022). Women's financial independence enables them to make more impactful contributions to household food security and nutrition through investments in higher quality food, healthcare, and education for their families (Sinclair et al., 2022). Micro-credit also promotes women's engagement in income-generating endeavors, which can result in enhanced self-confidence, social standing, and influence (Khursheed, 2022). Nevertheless, the effectiveness of micro-credit schemes relies on the manner in which they are structured and executed. Programs that demonstrate sensitivity to the specific socio-cultural environment of a given locality and offer supplementary assistance, such as training and access to markets, have a higher likelihood of achieving success in empowering women and enhancing food security. Although there have been some concerns regarding the high interest rates and payback pressures associated with micro-credit, the overall effect on women's empowerment and food security in rural Bangladesh is favorable (Nawaz, 2019). Therefore, micro-credit is considered a crucial element of development initiatives aimed at meeting the SDGs.

Furthermore, the government of Bangladesh has taken numerous initiatives to enhance women's empowerment level by acknowledging the role of women in the agricultural sector and their impact on family nutrition (USAID, 2023; WFP, 2023). The objective of the Vulnerable Group Development (VGD) initiative is to enhance the capabilities of impoverished women via the supply of food and training (Dhaka Ahsania Mission, 2023; RUPSA Bangladesh, 2023). Furthermore, the objective of the National Women Development Policy is to improve women's access to land and money within their households, so promoting their empowerment and enhancing food security.

Several investigations have examined the relationship between women's empowerment and food security by considering different variables (Galiè et al., 2019; Aziz et al., 2020; Wei et al., 2021a; Haque et al., 2024). However, to date none of the studies specifically focuses on the influence of social support networks and government initiatives on the improvement of women's food security in the rural areas of Bangladesh. To fulfill this gap, this study seeks to systematically explain how access to resources, social support networks and government programs influence women's empowerment and enhance their food security in rural areas of Bangladesh. To fulfill our research objectives, we set our hypothesis (H) as follows:

	• H1: Access to resources positively impacts women's empowerment in rural areas of Bangladesh.
	• H2: Social Support positively impacts women's empowerment in rural areas of Bangladesh.
	• H3: Policy perceptions positively impact women's empowerment in rural areas of Bangladesh.
	• H4: The women's empowerment positively impacts women own's food security.


1.1 Literature review
 
1.1.1 Relationship between women's empowerment and food security

There is strong evidence from a number of research that shows how empowering women may lead to food security (Aziz et al., 2020, 2021b; Wei et al., 2021a). The importance of women's empowerment in improving nutrition and food security was first highlighted by Upadhyay and Palanivel (2011). A study conducted by Taukobong et al. (2016) corroborated similar findings, indicating that empowering women positively affects several areas of development, including improved food security. According to Vir (2011), women and children in South Asia suffer from poor nutrition because of socio-cultural factors such early marriage, low levels of education, and lack of decision-making power. Htwe (2021) found similar trends in Myanmar, where socioeconomic factors such poverty and lack of access to healthcare had a negative impact on children's nutrition. According to these results, one of the most effective ways to combat their own and their child malnutrition is to raise women's social status and provide them with employment opportunities.



1.1.2 Accessibility to resources and empowerment of women

Empowering women mostly depends on their availability of resources (Aziz et al., 2021a). More chances for women to own property, have financial resources, and have an education have been shown by research to significantly increase their levels of empowerment, which improves food security. As noted by Mohammad Shahan and Jahan (2017), government initiatives in Bangladesh, including the National Food and Nutrition Policy, have successfully increased women's access to resources, which has improved nutritional security. The relevance of education and the dissemination of information is something that cannot be overstated. Higher educated women are more prone to make informed decisions regarding health and nutrition, which benefits food security (Rudolph et al., 2024). Moreover, it is shown that giving women access to financial resources and microcredit schemes improves their economic empowerment and allows them to use the money for better family healthcare and nutrition (Mengstie, 2022).



1.1.3 Social support networks are essential for the empowerment of women

Social support networks are critical for fostering women's empowerment and maintaining food security. Strong social networks provide women with access to information and resources that may improve their level of food security as well as practical help and emotional support (Lemke et al., 2003). Studies have demonstrated the critical contribution that social support plays in empowering women and improving food security (Kuada, 2009; Sharifi et al., 2017; Aziz et al., 2022). Women who engage in social networks and community groups are better positioned to improve their food security (Nosratabadi et al., 2020). These networks may give women more power by letting them bargain as a group, give them access to resources they can share, and give them places to talk about their problems and wants.



1.1.4 The influence of policies on the advancement of women's empowerment

Perceptions of policies have an impact on women's empowerment, albeit the level of their influence varies. Effective policies that promote women's rights, education, and economic opportunities are essential for enhancing their empowerment and guaranteeing their access to an adequate food supply. However, the manner in which these policies are viewed and implemented might influence their efficacy. Hossain et al. (2019) found that female participation in agriculture has a dual impact: it enhances food security and empowers women. Many social protection schemes still give more importance to traditional gender roles of women. This requires deliberate design to redefine women's roles as both producers and decision-makers (Jones et al., 2014). Furthermore, Anderson et al. (2021) emphasized the imperative of bestowing onto women greater authority in several domains, including the business and politics. Enabling women to have decision-making authority can have a significant impact on food security since it enables them to directly affect the nutritional outcomes in their households (Aziz et al., 2024).



1.1.5 Other issues that impact the empowerment of women and the security of food

Aside from access to resources and social support, there are additional factors that influence food security via the empowerment of women. Studies indicate that legal entitlements, societal customs, and economic opportunities are essential factors in influencing the state of food security (Kuada, 2009; Sharifi et al., 2017; Aziz et al., 2020, 2022). Legal rights, such as property ownership and inheritance laws, can empower women by giving them control over important resources. Schleifer and Sun (2020) found empirical evidence supporting the link between land certification and food security, which may be linked to improved land utilization and gender equality. However, the impact of legal rights on the capacity to assume control and guarantee access to an adequate amount of food can be complex and dependent on the particular circumstances (Wei et al., 2021a). Cultural norms and social expectations also have a crucial role. Alonso et al. (2018) have demonstrated that the impact of gender equality within families on food security is diverse, emphasizing the need to address deeply rooted cultural norms to achieve substantial empowerment. The advancement of women is greatly dependent on economic possibilities, including employment options and the capacity to initiate and manage enterprises. Enhancing women's access to markets, fair compensation, and financial services can enable them to significantly contribute to household income, hence improving food security (Wei et al., 2021b). Studies have shown that when women have control over their income, they tend to prioritize spending on nutrition and health, which has a good effect on the well-being of their family (Smith et al., 2003; Wei et al., 2021a).




1.2 Theoretical framework

The women's empowerment is a multifaceted process that enables individuals to make purposeful decisions and take control over their lives (Morrison et al., 2007). This paradigm examines interconnected resources, agency, and achievements to understand and empower women (Kabeer, 1999). Analyzing each of these features could assist us in fulfilling our objectives in understanding how women's empowerment improves their food security.

Resources include several assets which can be used by the people to achieve their aims. Resources refer to a wide range of assets, which include financial assets (like cash and capital), social assets (like social supports and social relationships), and human assets (like education and skills) (Kabeer, 1999). Women in South Asia often encounter restricted access to resources as a result of structural and institutional limitations (Hossain et al., 2021; Quisumbing et al., 2022). The accessibility of resources influences the capability of households to buy an adequate amount of food. This is because it improves the money available to purchase food and lessens the possibility of food insecurity (Quisumbing and Meinzen-Dick, 2001).

Agency is the ability to make conscious choices and effectively turn them into desired outcomes. The concept encompasses the use of power in the process of making decisions, the management of financial assets, and having the mobility freedom (Yount, 2006; Clement et al., 2019). The concept of “agency” is associated with the developmental process of people, wherein transformations in their thoughts and self-esteem empower women to make choices and engage in actions based on their own desires (Kabeer, 1999). Nevertheless, the degree of individual independence varies depending upon different social norms and cultural circumstances, hence influencing women's capacity to exercise their freedom in decision-making and choice (Mahmud et al., 2012).

Achievements are the positive outcomes that happen when resources and agencies work together successfully. The effects cover enhanced food security, personal development, and overall welfare of the household (Kabeer, 1999). Sen (1985) states that the integration of resources and agency results in the formation of capabilities, which refer to the numerous techniques people use to achieve fulfillment. These systems encompass the processes of obtaining food security and mitigating potential risks. Women who have been offered authority and control are more capable of ensuring that their households have enough food and may make important contributions to their own personal development and the progress of their communities (Moyo et al., 2012).

Women in Bangladesh, especially women in rural areas often face numerous obstacles in accessing resources and exercising decision-making power because of cultural, sociological, and religious customs. The existence of such barriers obstructs the improvement of women's empowerment and the attainment of food security (Kabeer, 2011; Quisumbing et al., 2022). To overcome these obstacles, it is essential to identify particular elements of women's empowerment in each situation and execute focused interventions to improve their availability of resources and their ability to take action. Women who are empowered possess the capacity to challenge and defy traditional gender expectations, exercise power over resources, and efficiently use them to enhance food security in their households (Cornwall, 2016).



1.3 Conceptual framework

To conceptualize women's empowerment in rural settings, we used Kabeer (1999) empowerment framework (Figure 1). Kabeer (1999) identifies three elements of empowerment: (1) resources, (2) agency, and (3) achievements. The primary aspect of empowerment is the acquisition and management of resources, including material, human, social resources, and economic policy assistance, that women can obtain through their many connections in all areas of family, relatives, friends, society, and community (Mahmud et al., 2012). Resources are essential for enabling empowerment and facilitating the pursuit of goals and improvement of living situations for women. The resources encompassed in this category can comprise of educational opportunities, financial deposits, availability of healthcare services, and relationships with other people. According to Kabeer (1999), resources are a prerequisite that can foster agency. Agency refers to the “ability to define one's goals and act upon them” (Kabeer, 1999). It encapsulates the capacity to gain control over one's own life (Kishor and Gupta, 2004). Agency involves the power to make decisions and to act upon them, reflecting an individual's autonomy and capacity to influence their own circumstances. Sen (1999) defines “agency is the ability to use opportunities to expand the choices to control their own destiny.” In our study, women's empowerment was particularly defined as agency, emphasizing the importance of personal autonomy and decision-making capacity in the empowering process. Agency encompasses more than just having a range of choices; it also involves the ability to make significant decisions and take action based on those choices. This is essential for trustworthy empowerment. Achievement refers to the potential outcomes that result from individual agency, as described by Kabeer (1999). It is a representation of the tangible and ineffable outcomes that are attained when individuals effectively exercise their agency. These accomplishments may encompass enhanced social status, increased participation in community and political activities, economic stability, and improved wellbeing. The capacity to accomplish desired outcomes is a critical metric of empowerment, as it reflects the efficacy of resource utilization and the exercise of agency. We demonstrated a correlation between three measures of resources (access to resources, social supports, and policy perspective), one measure of agency (women's empowerment), and achievement (food security; Figure 2). The present study aimed to evaluate the extent to which factors related to women's empowerment contributed to improving food security.


[image: Flowchart depicting three stages in a process: Resources, Agency, and Achievements. Resources include access to resources, social supports, and economic policy perspective. Agency focuses on women's empowerment. Achievements relate to food security. Arrows connect the stages, indicating progression.]
FIGURE 1
 Empowerment framework.



[image: Flowchart illustrating relationships between concepts: Access to Resources, Social Support, and Policy Perceptions all lead to Women Empowerment. Women Empowerment leads to Food Security. Hypotheses H1 to H4 are represented by connections between circles.]
FIGURE 2
 Conceptual model.





2 Materials and methods


2.1 Study site, participants selection, and data collection

The data was obtained through a well-designed survey with questionnaires carried out in the rural areas in the southern part of Bangladesh. Due to its high susceptibility to climate change, periodic natural disasters, and huge levels of poverty, which all have an impact on agricultural output and livelihoods, the southern region of Bangladesh is essential for collecting data on women's empowerment and food security (Alam and Rahman, 2014). Women in this area hold vital responsibilities in the production and management of food, but they often have restricted access to resources, which impedes their ability to achieve economic empowerment and resilience (Nasreen et al., 2023). Moreover, the region serves as a central location for numerous government and non-governmental initiatives targeting enhancing food security and empowering women (Islam and Walkerden, 2015). This makes it a significant subject for evaluating the efficacy of these programmes and creating adaptable solutions. An in-depth comprehension of the distinct socio-economic and environmental obstacles encountered by women in southern Bangladesh can offer significant perspectives for formulating specific strategies to improve food security and promote gender equality in similar situations.

The data for this study was gathered via a meticulously planned survey utilizing structured questionnaires. The study was carried out for a duration of 5 months, spanning from January to May 2023. In order to find and fix any questionnaire design flaws, a small sample of 10 women were interviewed in order to review the questionnaire. First, two divisions, Khulna and Barisal, were purposefully chosen to start the sampling process. Three districts were picked at random from each division. Subsequently, two Upazilas were selected from each district using a comparable random selection method. From the entire list of villages maintained by the Upazila administration, two villages were selected at random within each Upazila. Ultimately, a sample size of 20 houses was chosen at random from each village, with a specific emphasis on women as the participants of the study. This multistage random sampling procedure provided a representative and diversified sample of 480 women (Figure 3). This approach enabled the collection of comprehensive and unbiased data pertinent to the study on women's empowerment and food security in the targeted rural areas. The questionnaire contains validated scales and items that are particularly designed to evaluate different important features, such as the accessibility of resources, the level of social support, evaluations of economic policies, the women's empowerment, and views of food security (Table 1). Questions are intended to collect both quantitative data (such as answers on a 5-point Likert scale) and qualitative data (such as open-ended responses). Before collecting data, participants were provided with comprehensive details on the objectives of the research and provided with the choice to withdraw from their involvement.


[image: Flowchart illustrating a hierarchical structure starting with Bangladesh at the top, followed by Division-1 and Division-2. Division-1 leads to District-1, while Division-2 connects to District-2 and District-3. District-2 leads to Upazila-1 and Upazila-2, each connecting to Village-1 and Village-2, respectively, with 20 respondents at the bottom.]
FIGURE 3
 Flow diagram of the sampling process.



TABLE 1 Description of domain and indicators.

[image: Table listing indicators across five domains: Access to resources, Social support, Policy perceptions, Women’s empowerment, and Food security. Each domain has three indicators with corresponding descriptions, addressing aspects like resource use, social and financial support, policy impacts, empowerment in decision-making, and food security.]



2.2 Data analysis

All the raw data were compiled in Excel. The data is then transformed into SPSS 22.0 version for statistical analysis. The partial least squares structural equation modeling (PLS-SEM) technique was used to construct a comprehensive statistical model encompassing all dimensions. We employed Smart-PLS (version 4) to conduct data analysis, accomplishing the primary objective of elucidating the variation in the dependent variables. According to Sarstedt (2008), it is suitable for understanding the mechanism of causal linkages and developing theories. Furthermore, we used the formative model in our study which is more manageable to employ the formative measurement models in PLS-SEM compared to Co-Variance based SEM (Afthanorhan, 2014). The PLS model consists of two stages: the measurement model and the structural model. The measurement model assesses the connection between observable variables (sub-factors) and underlying variables (factors), while simultaneously evaluating the accuracy and consistency of the constructs. The structural model calculates the path coefficients among the constructions. Path coefficients serve as indicators for predicting the model's overall effectiveness. The independent factors in our study consist of access to resources, social support, and economic policy perception, while the dependent variables are women's empowerment and food security.




3 Results and discussion


3.1 Demographic analysis

Our study included a total of 480 married women from the rural area of Bangladesh. The majority of respondents in our study were in the 30- to 45-year-old age range (52.7%), which was followed by those in the 18–29 age range (26.7%) and age group over 45 (20.6%; Table 2). The women and their partners were classified into six groups according to their educational level: (a) illiterate (4.4% for women and 3.3% for husbands); (b) primary (13.5% for women and 11.3% for husbands); (c) secondary (46.7% for women and 16.3% for husbands); (d) higher secondary (13.1% for women and 23.8% for husbands); (e) graduate (12.1% for women and 29.8% for husbands); and (f) postgraduate (10.2% for women and 15.6% for husbands). The vast majority of women in rural regions (78.8%) worked for no pay (Table 2).


TABLE 2 Descriptive statistics.

[image: Table displaying demographic data. Age groups: 18-29 (26.7%), 30-45 (52.7%), above 45 (20.6%). Women's education: Illiterate (4.4%), Primary (13.5%), Secondary (46.7%), Higher secondary (13.1%), Graduate (12.1%), Postgraduate (10.2%). Husband's education: Illiterate (3.3%), Primary (11.3%), Secondary (16.3%), Higher secondary (23.8%), Graduate (29.8%), Postgraduate (15.6%). Employment status: Employed (21.3%), Unemployed (78.8%).]



3.2 Measurement model analysis

The measurement model data presented in Table 3 elucidates the relationship between each latent variable and the observable variables. Formative measurement models are evaluated considering convergent validity, collinearity, and statistical significance and relevance of each indicator (Hair et al., 2013). Table 3 summarizes the findings from the verification of the internal consistency of each construct's indicators, t-statistics, p-value, VIF, and R2 value. Most of them are well-established criteria for evaluating formative measurement models (Kwong-Kay Wong, 2013). The R2 values of 0.744 and 0.699 indicate that access to resources, social support and policy perceptions can interpret 74% of the variance of the women's empowerment, and women's empowerment can interpret 70% of the variance of the food security (Figure 4). Moreover, the VIF values of most of the indicators were within acceptable levels, indicating low multicollinearity (Hair et al., 2013). The measurement model shows that the selected indicators accurately measure the underlying components they aim to measure. This suggests that the survey techniques employed in this study can assess variables reliably and consistently.


TABLE 3 Results of the measurement model.

[image: A table displaying data across five domains: Access to resources, Social support, Policy perceptions, Women’s empowerment, and Food security. Each domain lists indicators with corresponding values for the Original sample, t-statistics, p-value, VIF, and R-squared. Notable R-squared values are 0.744 for Women’s empowerment and 0.699 for Food security.]


[image: Diagram illustrating the relationships between Access to Resources, Social Support, Policy Perceptions, and Women Empowerment, leading to Food Security. Each element is connected with numerical values indicating strength of relationships.]
FIGURE 4
 Findings of the structural model. Author's calculation with PLS-SEM.




3.3 Structural model analysis

For the purpose of testing the hypothesized relationships between latent constructs, the structural model was analyzed. The t-statistics, p-values, standardized path coefficients, and conclusions concerning the acceptance or rejection of each path in the structural model are displayed in Table 4.


TABLE 4 Standardized path coefficients.

[image: Table showing statistical analysis of various factors on women's empowerment. Four items are analyzed: access to resources, social support, policy perceptions, and women's empowerment leading to food security. The table includes original sample values, standard deviation, t-statistics, p-values, and whether the hypothesis is accepted or rejected. Significant p-values are indicated with asterisks, denoting different levels of significance: *p < 0.05, **p < 0.01, ***p < 0.001.]

Access to resources (β = 0.557, t = 3.472, p = 0.001), has a positive and significant effect on women's empowerment, indicating that women's empowerment can be increased by 56%, with the women's access to resources (Table 4; Figure 4). Access to resources was assessed by questioning the respondents about their accessibility to cultivating agricultural land, cash and adoption of ICT in their farming and daily life. We also observed that women's empowerment positively enhanced their food security. The results are consistent with previous research, which emphasizes the significance of women's access to resources in affecting their ability to reduce, adapt to, and recover from unexpected occurrences and stressful situations (Bryan et al., 2013; Fisher and Carr, 2015; Murray et al., 2016; de Pinto et al., 2020). This study expands the comprehension of these dynamics by demonstrating that the availability of land, financial assets, and the use of ICTs greatly enhances women's empowerment, which, in turn, has a beneficial impact on their sense of food security. The key reason behind these findings is that women's access to resources provides them with the essential means and chances to engage more actively in economic activities, make well-informed choices, and have more influence over family and agricultural productivity (CARE-USA, 2020). When women are given the opportunity to own land, they are able to participate in agricultural activities that enhance the availability and variety of food within their households (Hoddinott et al., 2015; Sibhatu et al., 2015; Mulmi et al., 2016). Financial resources empower women to distribute a higher amount of funds toward valuable assets, acquire high-quality resources, and engage in market activities, therefore augmenting their financial status and influence within their home and society. Furthermore, the availability of ICTs enables women to acquire crucial knowledge about agricultural techniques, market rates, and weather predictions, all of which are necessary for maximizing their agricultural output and reducing potential hazards (Tambo and Abdoulaye, 2012; Bryan et al., 2013; Twyman et al., 2014). Access to information can help close the knowledge gap and enable women to adopt enhanced agricultural practices and expand their sources of income, resulting in improved food security results. The pathways via which women's empowerment leads to enhanced food security are complex and varied. Women who have been given authority are more inclined to make choices that give priority to the nutrition of their home, such as using money to buy healthy food and investing in the child education (Eissler et al., 2020). Empowerment also amplifies women's involvement in community groups and cooperatives, hence facilitating the establishment of supplementary support networks and access to resources (Meier zu Selhausen, 2015; Yokying and Lambrecht, 2020).

Social networks may play a crucial role in expanding women's access to knowledge, financing, and markets, so further improving their food security. We observed that social support (β = 0.319, t = 2.149, p = 0.032), have a positive and significant effect on women's empowerment, suggesting that women's empowerment can be increased by 32%, with the social supports (Table 4; Figure 4). Social support was assessed by questioning the women about how they receive financial support from their surrounding relatives to fulfill their dietary requirements and family needs, and how active they are in their social support network when it comes to sharing information and learning new skills. We also observed that women's empowerment positively enhanced their food security. The study's findings indicate that social support has a positive effect on women's empowerment, leading to an improvement in women's food security. This aligns with other studies suggesting that social support may enhance women's understanding, emotional welfare, and exchange of resources, all of which lead to enhanced nutritional security and health results (Na et al., 2019; Mokari-Yamchi et al., 2020). Studies have demonstrated that social support mechanisms, such as offering information on nutrition and childcare, providing emotional support for mental wellbeing, and giving practical assistance by sharing resources, have a substantial positive impact on the health of women and their kids (Walker S. P. et al., 2007; Miller et al., 2015). In rural areas of Bangladesh, where women's educational attainment may be limited, social support plays a crucial role in obtaining vital information and skills about health and nutrition. For example, social networks may offer women valuable information on the best strategies for feeding and maintaining sanitation for children. This immediately enhances the nutritional wellbeing of children and mitigates the issue of food poverty (Hadley et al., 2007). Maternal mental health is improved by receiving psychological assistance from family and community members. This, in turn, is associated with better care practices and the growth of the child (Bryan et al., 2013; de Pinto et al., 2020). Moreover, social capital, which refers to the connections, shared values, and confidence that enable effective collaboration and cooperation for mutual advantage, has been linked to a decreased likelihood of experiencing hunger and food insecurity at the household level (Martin et al., 2004). The impacts of food insecurity are lessened in robust, cohesive communities where people frequently exchange knowledge, seeds, and even food, especially during hard times (Nagata et al., 2015). The ways in which social support improves women's empowerment and food security are complex and varied. Providing instrumental help, such as financial aid or assistance with routine tasks, might enable women to allocate more time and resources toward income-generating activities. This, in turn, enhances their economic autonomy and empowerment (Kabir et al., 2019). Providing emotional support to women can enhance their overall well-being and self-assurance, enabling empowering them in their homes and societies (Martin et al., 2004).

We observed that policy perceptions (β = 0.161, t = 1.077, p = 0.281) have a positive but not significant effect on women's empowerment (Table 4; Figure 4). Evidence reveals that intermediaries and corruption often impede government projects that aim to help vulnerable individuals, especially women. Research shows that intermediaries and unscrupulous leaders may seize money referred to for the poor, reducing government effectiveness (Anderson, 2023). Corruption and inefficiency hindered Ugandan agricultural output and food security measures from reaching their intended users (Wakaabu, 2023). Inadequate supervision and accountability may reduce help and resource allocation. Hussein and Suttie (2016) indicate that intermediaries in Tanzanian agricultural initiatives drain an enormous amount of resources before they reach their intended recipients. Lack of immediate assistance decreases the impact of these activities on women's empowerment and food security. Women face institutional and systemic barriers such as gender stereotypes and limited land and financing, which might damage these initiatives. Even with good legislation, socio-cultural norms often prevent women from fully benefiting (Meinzen-Dick et al., 2019). The VGD project and the National Women Development Policy in Bangladesh aim to improve women's resource access. Goals are sometimes hampered by social and organizational obstacles (Kabir et al., 2019). However, effective programme design and execution can significantly improve outcomes. Programming without local context and community stakeholders throughout design and execution is unlikely to succeed. Studies show that inclusive solutions that include local communities and consider gender-specific needs and restrictions improve women's food security (Sharifi et al., 2017; Kassie et al., 2020).

The women's empowerment (β = 0.836, t = 16.34, p < 0.000), has a positive and significant effect on food security perception, suggesting that women's food security can be improved by 84%, with the women's empowerment (Table 4; Figure 4). Women's empowerment is being increasingly seen as crucial for family food security and nutrition. Empowerment—the ability to make decisions—has a major impact on women and their families. Several authors emphasize the need to understand empowerment's key areas to properly evaluate its impact, which can vary from place to place and situation to situation (Sraboni et al., 2014; Bayissa et al., 2018; Aziz et al., 2020). They found that empowered women who contribute financially to the household, try to spend more budget on food for the household compared to men (Aziz et al., 2020; Wei et al., 2021a). This underlines the importance of women's empowerment in household nutrition. Within their families, empowered women in rural Bangladesh are more likely to make decisions about food production, consumption, and expenditure (Wei et al., 2021b). Doss et al. (2018) observed that women's engagement in decision-making improves household resource allocation to nutrition and food security. This is especially important in rural Bangladesh, where gender norms constrain women's decision-making (Wei et al., 2021b). Encouraging women to participate in family decisions can improve food distribution and diet diversity, addressing food security. Access to land, funds, and agricultural inputs is vital to empowering women. According to Malapit et al. (2015), women who have access to these resources are more likely to invest in agriculture, which boosts food production and household food security. The women's empowerment also improves nutrition and health. Empowered women can make better food, nutrition, and healthcare decisions for themselves and their families. Research shows that empowered women value healthy food more, which improves health and reduces food insecurity (Smith et al., 2003). In rural Bangladesh, the empowerment of women is the key to achieve SGD-2.




4 Conclusion

The present research emphasizes the importance of various resources and social support networks for women's empowerment and food security in rural areas in Bangladesh. We found that access to land for cultivating purposes, financial resources, and various ICT tools empowers women and improves food security. Various social supports from relatives and neighborhoods also play a significant role in strengthening women's empowerment by providing money, information, and emotional support during crisis periods which also positively improves women's food security at the household level. However, intermediaries and systemic flaws occasionally hinder the projected benefits of women's empowerment through economic policy viewpoints, requiring stronger and comprehensive policy execution. The results demonstrate that giving women access to resources and strong social networks improves women's empowerment and their food security. Empowered women actively participate in household decision-making, use money wisely, and give more emphasis on household nutritional security. The study's findings suggest that a comprehensive approach should be taken to ensure better food security among women in rural Bangladesh. Efforts should primarily concentrate on enhancing access to resources like income, land, financial assets, and ICTs. This is because there is a noticeable positive impact on women's empowerment when these resources are made more accessible. This involves establishing laws and initiatives that promote women's access to land ownership, customizing financial services to meet their specific requirements, and provide training on the application of ICT for agricultural and everyday life activities. Furthermore, it is crucial to enhance social support networks through community-based interventions and support programs, given the significant influence of social support on well-being. Establishing resilient social networks, which include women's organizations and cooperatives, can create possibilities for the exchange of knowledge, resources, and emotional assistance, thereby strengthening empowerment and improving results related to food security. To optimize the efficacy of government initiatives that aim to empower women and enhance food security, it is crucial to eliminate societal obstacles and enhance policy execution, specifically in addressing corruption and gender stereotypes. In addition, by encouraging women to actively participate in decision-making processes and defying societal expectations on gender roles, we may greatly improve the ability of households in rural Bangladesh to have enough food and maintain good nutrition. This, in turn, will contribute to the achievement of SDG-2. These comprehensive solutions emphasize the significance of holistic interventions that tackle the various complex difficulties experienced by rural women, ultimately promoting sustained food security and empowerment outcomes.
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Introduction: Digital agricultural technology service has the characteristics of high efficiency, convenience and flexibility, and plays an important role in the process of Chinese agricultural digitalization, which is of great significance for realizing the modernization and intelligent development of agricultural production.
Methods: Based on micro-survey data of small-scale farmers in Sichuan Province, this study utilizes the OLS method and the mediation effect model to investigate the impact of digital agricultural technology services on farmers’ willingness to adopt digital production technologies and its underlying mechanisms.
Results: The results indicate that digital agricultural technology services effectively enhance farmers’ willingness to adopt digital production technologies, especially among those engaged in cooperative. Further analysis of mechanisms suggests that digital agricultural technology services influence farmers’ choices of household production and management methods by expanding their information channels, enhancing their cognition of digital production technologies, and facilitating access to technology. Moreover, heterogeneous analysis reveals significant differences in the willingness of farmers with varying levels of digital literacy to adopt digital production technologies. Digital agricultural technology services have a more pronounced impact on the willingness of highly digitally literate farmers.
Discussion: The findings of this paper deepen our comprehension of the operational mechanisms of digital agricultural technology services in the context of agricultural development, and advocate for policy recommendations such as enhancing the supply of digital agricultural technology services, strengthening the role of new agricultural entities, improving farmers’ digital literacy training, and enhancing policy support systems.
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1 Introduction

Since the 18th National Congress of the Communist Party of China, documents such as the Outline of Digital Village Development Strategy and the Action Plan for Digital Village Development (2022–2025) have been successively issued. The Key Points of Digital Village Development in 2023 further emphasize the acceleration of the digital transformation of the entire agricultural industry chain, highlighting the crucial role of digitalization in guiding and propelling the modernization of agriculture and rural areas. The term “Digitalization of agricultural production” refers to the process of collecting and analyzing data to enhance the efficiency of agriculture through the utilization of information and communication technology (Bacco et al., 2019). This is primarily evident in the scale of agricultural production, mechanization, information technology, and intelligence (Du, 2023).

The digitalization of agricultural production plays an important role in the modernization of agriculture and rural areas. Digital agricultural technology services represent an information system that integrates the Internet with traditional agricultural extension services, known as the ‘Internet Plus Agricultural Technology Extension’ model (Gao et al., 2023). It plays an active role in improving the level of agricultural industrialization, enhancing the comprehensive quality of farmers, transforming the traditional production mode, and achieving refined agricultural production (Li, 2022). This further boosts the digitalization of agricultural production.

The digitalization of agricultural production can not only promote the organic connection between small farmers and modern agriculture (Li and Xiao, 2023), but also realize the linkage and mutual integration of primary, secondary, and tertiary industries (Liu and Fu, 2020). In recent years, China has made significant progress in agricultural digitalization, especially in infrastructure construction. However, the deep integration of the digital economy and agricultural development is still insufficient. Digital transformation in agriculture faces challenges such as reluctance, fear, and inability to switch (Niu, 2023). Farmers, as micro-entities in agricultural production, are driven, dominated, and directly affected by their intentions (Guo et al., 2018). Farmers’ willingness to adopt digital production technology is very low. Currently, most Chinese farmers lack digital skills, making it challenging to meet the demands of modern digital agricultural production (Chen and Xiong, 2022). Digital agricultural technology services lag behind, with low levels of popularization and application (Li, 2022). Therefore, under the new circumstances of economic and social development, it is urgent to investigate and explore ways to increase farmers’ willingness to choose digital production technology.

Digital agricultural technology services approach addresses issues such as lengthy cycles, high costs, and low efficiency associated with traditional agricultural technology extension. However, current conventional agricultural technology promotion methods are relatively single and inefficient, affecting the application of digital technology in agricultural production (Aker, 2011).

The increasing Internet penetration in rural areas of China has created a favorable environment for promoting digital agricultural technology services. According to the Statistical Report on Internet Development in China released by the China Internet Network Information Centre (CNNIC), as of December 2022, the Internet penetration rate in rural areas reached 61.9%, totaling 176 million rural broadband users. This not only means that many rural residents have become potential audiences for digital agricultural technology services but also provides a solid foundation for applying digital agronomic services.

Furthermore, digital agricultural technology services often cooperate with financial institutions (Chen et al., 2022) to provide both traditional and digital financial services to farmers, significantly improving agricultural output levels (Zeng and Qi, 2020), enhancing the efficiency and sustainability of digital agricultural production, and reducing the risk of digital technology application.

Overall, digital agricultural technology services play a crucial role in promoting the adoption of digital production technologies by farmers, fostering sustainable growth of the agricultural economy, and advancing the deep integration of digital technology and rural development (Wen and Chen, 2020).

The factors influencing farmers’ adoption of digital technology in agriculture include their cognitive awareness, absorption capacity, and application proficiency in digital agricultural production technologies (Barnes et al., 2019). According to the Technology Acceptance Theory, which examines how individuals accept and adopt new technologies, this framework also applies to understanding farmers’ attitudes toward digital production technologies. It encompasses farmers’ awareness of how these digital technologies impact agricultural production and management, as well as their perceptions of the usability of these technologies (Steinke et al., 2019).

Additionally, the Individual-Interaction Theory suggests that factors such as farmers’ beliefs, values, attitudes, expectations, and personality traits play a significant role in shaping their awareness and attitudes toward digital production technologies. These personal factors further influence their willingness to adopt these technologies. The Technology Acceptance Theory and the Individual-Interaction Theory provide insights into how farmers’ perceptions and attitudes towards digital production technologies are influenced, thereby affecting their adoption behavior (Barakabitze et al., 2017).

However, Digital agricultural technology services can affect farmers’ behavior choices through both direct and indirect means. Firstly, digital agricultural technology extension services can address the drawbacks of traditional extension methods, such as their singularity and limitations in terms of time and space (Norton and Alwang, 2020). They enable the visualization of technical information and facilitate two-way communication, thereby directly influencing adoption behavior (Yang et al., 2023). Secondly, by reducing search costs, improving accessibility, and lowering negotiation costs through the establishment of learning platforms, measures aimed at enhancing farmers’ technical learning efficiency indirectly impact their adoption intentions (Mao et al., 2023). However, few scholars have studied the role of digital agricultural technology services in promoting the digitalization of agricultural production from the perspective of digital farm technology services. What is the effect of digital agricultural technology services on farmers’ willingness to choose digital production technology? How do digital agriculture technology services influence farmers’ willingness towards adopting digital production technology? These are the questions that this article aims to answer.

Currently, existing literature on analyzing the effects of digital agricultural technology services holds significant value, providing references and insights for this paper. However, there is room for supplementation and improvement.

Firstly, existing research on digital agricultural technology services mainly focuses on the macro level, involving their current status and issues (Gu et al., 2013). Research indicates that agricultural extension services provide farmers with the latest information on technology. Those who apply it tend to gain higher profits and also improve their living standards (Elias et al., 2016). Without developing a systematic theoretical framework that encompasses farmers’ active participation in digital agricultural technology services.

Secondly, most existing literature remains at the stage of empirical summarization. There is research on the use of the internet and smartphones in rural areas of developing countries, which generally finds positive effects on household welfare (Hübler and Hartje, 2016; Ma et al., 2020). Some studies have also analyzed the impact of using training videos or call centers and interactive voice response services on farmers (Van Campenhout et al., 2017). lacking in-depth exploration of overall service evaluation and identification.

Thirdly, compared to other developing countries, existing research has focused more on the singularity and lack of effectiveness of agricultural technology services (Utami et al., 2019). Digital technologies significantly improve the income and productivity of smallholder farmers by enhancing information dissemination and market access (Bahinipati et al., 2021). Studies suggest that agricultural technology services in Indonesia have had no long-term impact on technology adoption in agriculture, yet they have a significant short-term effect (Utami et al., 2019). This is because the utilization of modern technology through extension services leads to higher productivity (Mwangi and Kariuki, 2015). In some underdeveloped countries where income depends on land and natural resources, although most people use extension services to address low productivity issues, the rate is low due to farmer illiteracy and lack of awareness (Nugraha and Osman, 2017). The existing literature has not paid enough attention to the significance of digital agricultural technology services in supporting deeper industrial integration and achieving structural changes in agricultural production.

The article’s key contributions primarily lie in several areas:

Firstly, there is a considerable amount of literature discussing digital agricultural technology services and digital technologies. More and more literature emphasizes that digital technologies can significantly reduce dissemination costs, thereby lowering transaction costs, enhancing market efficiency, promoting economic growth, and reducing poverty (Torero and Von Braun, 2006; Jensen, 2007; Aker and Mbiti, 2010). Some studies suggest that providing farmers with general market and weather information via mobile phones, text messages, or internet applications can enhance agricultural productivity and market efficiency (Aker and Mbiti, 2010; Fu and Akter, 2016). There is a lack of research on the impact of digital agricultural technology services on farmers’ adoption intentions and behaviors. Drawing on the theory of planned behavior, farmers’ intentions are primarily influenced by behavioral attitudes, subjective norms, and perceived behavioral control, which, in turn, determine individual behaviors. This study investigates the impact of digital agricultural technology services in enhancing farmers’ adoption of digital production technologies, revealing key influencing factors and pathways. This research provides valuable insights for agricultural policymakers to formulate more effective policies and strategies.

Secondly, based on analyzing whether farmers use digital agricultural technology services or not, the study by Gao et al. (2023) further examines the effectiveness of these services. The results directly respond to discussions about the digital agricultural technology service effectiveness and provide a practical basis for better applying these services to guide farmers’ willingness to adopt them.

Thirdly, in terms of theoretical mechanism, existing literature often discusses the impact of digital agricultural technology services primarily from the perspective of the Technology Acceptance Model (Verma and Sinha, 2018; Castiblanco Jimenez et al., 2021). This paper innovatively incorporates the rational behavior theory and the planned behavior theory to construct a theoretical framework, providing a multifaceted exploration of the influence of digital agricultural technology services on farmers’ production behavior. This paper analyzes the role of digital agricultural technology services in enhancing farmers’ willingness to adopt digital production technology, focusing on production benefits and technology accessibility. It empirically analyzes and proves the existence of this mechanism.

Fourthly, from a research perspective, this paper analyzes the differences in the impact of digital agricultural technology services on farmers with varying levels of digital literacy. It details the heterogeneous role of these services for different groups of farmers, providing a decision-making basis for formulating effective digital agricultural technology service policies.

Fifthly, in terms of research value, this paper uses 214 survey data from Sichuan Province to conduct empirical tests exploring the impact of digital agricultural technology services on farmers’ willingness to choose digital production technology. This not only supplements the current literature related to digital agricultural technology but also provides practical evidence for the use of these services to promote farmers’ willingness to adopt digital production technology.



2 Theoretical analysis

Theory of Reasoned Action (TRA) suggests that an individual’s behavior choice is closely related to psychological changes and cognitive processes (Fishbein and Ajzen, 1977). Behavioral attitudes and subjective norms can influence behavioral intentions, which, in turn, affect individual behavior. Farmers’ comprehension and cognition of digital production technology will influence their willingness to adopt it, thus impacting the implementation and effectiveness of agricultural production digitization.

According to the Theory of Planned Behavior (TPB), farmers’ willingness to choose digital production technologies is primarily influenced by their behavioral attitudes, subjective norms, and perceived behavioral control within the external environment. Individual behavioral intentions determine individual behavior (Zhang and Zhang, 2016). Within the framework of rational behavior and the Theory of Planned Behavior, behavioral intentions play a significant role in explaining behavioral responses. Therefore, most farmers will translate their behavioral intentions into actual behaviors, demonstrating consistency between intentions and responses (Zhan and Wang, 2023). Farmers’ willingness to participate in production and management practices is influenced by their comprehension and awareness of digital production technology, leading to observable behavioral responses. This paper analyzes the impact of digital agricultural technology services on farmers’ willingness to adopt digital production technology.

Digital agricultural technology services, as an extension model that combines the Internet with traditional agricultural technology extension services (Gao et al., 2023), can overcome the limitations of conventional methods. They directly affect farmers’ choice behavior by achieving two-way communication of technical information and promoting adoption (Yang et al., 2023). These services also indirectly influence farmers’ adoption behavior by reducing costs and establishing learning platforms to improve efficiency.

The Technology Acceptance Model (TAM) is a behavioral model in the field of information technology that is widely used to predict and explain user adoption behavior towards technology. With a robust theoretical framework and extensive empirical support, the Technology Acceptance Model (TAM) often serves as the mainstream paradigm for user acceptance of technological innovations (Sukma and Leelasantitham, 2022). According to the Technology Acceptance Model, a user’s willingness to accept new technology is influenced by perceived ease of use and perceived usefulness. There is a positive relationship between two factors: the higher the perceived ease of use and perceived usefulness, the stronger the user’s willingness to accept new technology (Davis, 1989).

The impact of digital agricultural technology services refers to how they affect farmers who receive extension services. This impact is based on the theoretical role of extension services, which is to bridge the gap in technology and management. There is often a gap between farmers’ current production practices and optimal production methods. Agricultural technology extension plays a crucial role in bridging this gap by disseminating information, educating farmers, promoting new technologies, and enhancing field management efficiency in practical farming applications (Swanson et al., 1972). Digital agricultural technology services can increase farmers’ willingness to adopt digital production technology by enhancing their perceived usefulness and ease of use. This, in turn, promotes the adoption of digital technology among farmers. Figure 1 illustrates the structure of the theoretical framework in this paper.

[image: Flowchart depicting the relationship between digital agricultural technology services and farmers' willingness to choose digital production technology. It includes hypotheses H1 to H4. Economic cognition and operational cognition influence farmers' willingness through the Theory of Planned Behavior and Theory of Reasoned Action. Technology accessibility is linked to this willingness through the Technology Acceptance Model.]

FIGURE 1
 Structure of the theoretical framework.




3 Research hypotheses


3.1 Overall effect

By broadening the re-learning channels for farmers, agricultural technology extension aims to improve their productive capacity (Swanson et al., 1972). Digital agricultural technology services aim to interpret and demonstrate the technical aspects and management methods of advanced agricultural technology, adapting to continually changing production conditions and societal demands. With the “interconnectivity” feature of Internet information technology, digital agricultural technology services can connect multiple parties, including farmers, agricultural technicians, and agricultural experts, establishing a two-way communication system for agricultural information delivery (Wang et al., 2023).

Disseminating information and educating farmers helps bridge the gap in technology and management, consequently enhancing production efficiency. By providing real-time agricultural production information, market trends, and guidance on the latest agricultural technologies, digital agricultural technology services help farmers make more scientific production decisions and better respond to the challenges and opportunities of digital agricultural production.

From an input perspective, the widespread application of new technology mainly manifests in the continuous optimization of input structures and improvement of field management practices. With the rationalization and standardization of agricultural input factors and management practices, actual output approaches the production possibility frontier, thereby effectively enhancing technological efficiency. In this context, farmers receiving digital agricultural technology services should theoretically demonstrate higher technical efficiency in production. This indicates that agricultural technology extension services play a positive role in enhancing the technical efficiency of agriculture, which in turn stimulates an increase in farmers’ preference for digital production technology as rational decision-makers.

Therefore, based on the above analyses, this study proposes Hypothesis 1:

 H1: Digital agricultural technology services will positively influence farmers’ willingness to choose digital production technologies.





3.2 Mediating effect

Digital agricultural technology services provide an economically viable way, and the precision of economic cognition helps to reduce production costs, improve the yield and quality of farm products, and increase the financial benefits of agriculture. As rational individuals, farmers’ behavioral decisions adhere to the principle of optimization (Schultz, 1964). As rational economic beings, farmers’ adoption of digital technology is mainly influenced by the expected financial benefits, and farmers are more inclined to choose digital production technology only when the expected net benefits of adopting the technology exceed those of traditional methods. Digital agricultural technology services, on the other hand, reduce farmers’ learning costs for digital technologies by providing intuitive, easy-to-understand interfaces and guidance information. Farmers can master the essential operation of digital agricultural technology services through simple training or instructions, which improves farmers’ operational cognition of digital production technology, thus making it more convenient to apply digital technology in agricultural production and promoting the development of digitalization of agriculture production.

Traditional agricultural technology extension services, such as demonstration, extension, and lecture training, guide farmers to adopt new technologies and strengthen their technology investment and skills (Zhou and Li, 2021), and digital agricultural technology services further enhance such technology guidance. Firstly, it expands farmers’ access to information, providing them with a more comprehensive understanding of the economic and ecological value of digital production technology. This enhances economic cognition and promotes the adoption and application of digital production technology. Second, digital agricultural technology services not only guide farmers in selecting the right digital production technologies to reduce the risk of technological misuse but also alleviate income risks stemming from information asymmetry (Wei and Yang, 2022).

Digital agricultural technology service passes farm technology and information resources directly to farmers in a diversified and living way through modern communication technology, reducing the time and cost of farmers’ information acquisition. Compared to traditional agricultural technology service methods, digital agricultural technology services, by shaping farmers’ cognitive processes, have higher timeliness and effectiveness, enabling farmers to quickly access the latest agrarian technology knowledge and improve the technology accessibility, thus enhancing farmers’ willingness to choose digital production technology. Based on the content above, this paper proposes the following hypothesis:


H2: Economic cognition plays a mediating role in the influence of digital agricultural technology services on farmers’ willingness to choose digital production technology.

H3: Operational cognition plays a mediating role in the influence of digital agricultural technology services on farmers’ willingness to choose digital production technology.

H4: technology accessibility plays a mediating role in the influence of digital agricultural technology services on farmers’ willingness to choose digital production technology.
 




4 Research design


4.1 Data source

The data used in this study come from a questionnaire survey conducted by the research group in October 2023 on farm households in Sichuan Province. Sichuan is a large agricultural province with rich and diverse agricultural industries, and occupies an important position in China’s agricultural production map. In 2022, the total grain output in Sichuan was 35.105 million tonnes, accounting for 5.11% of China’s grain output. The total oilseed output was 4.338 million tonnes, accounting for 11.87% of China’s total oilseed output. The total fruit output was 13.805 million tonnes, accounting for 4.41% of the national total. Additionally, Sichuan produced 65.484 million pigs for slaughter, representing 9.36% of the total number of slaughtered pigs in China.

In recent years, Sichuan has witnessed rapid development in agricultural digital transformation. However, the overall level of digitization in agricultural production remains relatively low. In 2020, the overall level of digital agriculture and rural development in Sichuan Province was 38.3%, higher than the national average of 37.9% of the development level, of which the level of information technology in agricultural production in Sichuan Province is 20.02%, which is lower than the national average level (22.46%) of 2.44 percentage points (Sichuan County Agricultural and Rural Informatisation Development Level Evaluation Group, 2023).

Sichuan Province has a vast territory and complex terrain, leading to significant variations in agricultural production and digital development levels across different regions. To comprehensively reflect the situation of rural households in Sichuan Province, the research team first divided Sichuan into three regions: the Chengdu Plain area, the eastern basin hilly and low mountainous area, and the southwestern mountainous area. Secondly, to ensure the representativeness of the samples, the research team considered the levels of digital agriculture and rural development in different regions.

The research team selected cities with varying degrees of digital development from each divided area to ensure the comprehensiveness and representativeness of the research results. Based on these two principles, the research team selected Chengdu and Deyang in the Chengdu Plain area, Suining and Neijiang in the eastern basin hilly and low mountainous area, and Luzhou, Yibin, and Ya’an in the peripheral edge of the basin and the southwestern mountainous area as the study areas. In 2020, the level of agricultural informatization development in the sampled areas was as follows: Chengdu (23.59%), Deyang (12.09%), Suining (21.45%), Neijiang (13.91%), Luzhou (12.66%), Yibin (14.63%), and Ya’an (13.27%).

The data collected from the questionnaire survey encompassed details regarding the individual characteristics of farm households, household characteristics, as well as farmers’ inclination towards selecting digital production technology and digital agricultural technology services. This survey collected a total of 223 questionnaires. After excluding questionnaires with missing or abnormal data, there were 214 valid responses, resulting in a questionnaire validity rate of 95.96%.



4.2 Variable definitions

Independent variable: The independent variable in this study is digital agricultural technology services, measured and characterized through two aspects. Firstly, it involves determining whether farmers utilize digital agricultural technology services, assessed by inquiries into whether they use such services to acquire agricultural-related information. Secondly, it includes evaluating the effectiveness of digital agricultural technology services, characterized by the subjective assessment of the information obtained by farmers.

Regarding the specific measurement of digital agricultural technology services and their effectiveness, this paper draws on the experience of Mao et al. (2023). Firstly, “do you utilize digital agricultural technology services (such as WeChat groups, official accounts, or short videos) to access information related to the digitization of agricultural production (e.g., the use of digital agricultural production technology)?” To determine whether farmers use digital agricultural technology services to access information related to agriculture, the study will also evaluate their effectiveness. This will be done through the following question: “Do you think it is effective to obtain information regarding the digitalization of agricultural production through digital agricultural technology services (such as WeChat groups, official accounts, or short videos)?”

Dependent variable: The dependent variable of this paper is farmers’ willingness to choose digital production technology. By asking farmers if they are willing to adopt digital production technology in crop cultivation, livestock breeding, aquaculture, seed breeding, and other agricultural production areas, values ranging from 1 to 5 points are assigned. These values represent a spectrum from” unwilling” to “very willing.”

Mediating variable: In this study, we examine benefit cognition and technological accessibility as mediating variables. Benefit cognition assesses the extent to which farmers perceive the economic benefits and operational cognitions brought about by digital production technologies. On the other hand, technological accessibility measures how easily farmers perceive acquiring information related to digital production technologies.

First, theoretical analysis suggests that digital agricultural technology services can enhance farmers’ benefit cognition of production digitization, thereby influencing their behavioral responses. The level of farmers’ cognition of the economic benefits of the technology and their comprehension of the technology at the operational level determine the challenges farmers encounter in implementing digital production. This paper categorizes farmers’ benefit cognition into economic cognition and operational cognition, respectively, utilizing questionnaires such as: “Do you believe that using digital production technology is advantageous for increasing agricultural income?” “Do you think you can fully learn, understand, and apply digital production technology?” “Do you agree that developing digital production technology is not difficult?” With higher values indicating that farmers believe that the economic effects of producing digital technology are higher.

Second, digital agricultural technology services can reduce the cost and risk of adopting digital production technologies, thus promoting farmers’ willingness to choose digital production technologies. This can be measured by the questionnaire” Do you think it is easy to access information about digital production technologies?” The higher the value, the higher the accessibility of the technology.

Control variable: Referring to relevant studies (e.g., Gao et al., 2023; Mao et al., 2023; Wang et al., 2023; Yang et al., 2023). The control variables in this study mainly include the factors of individual characteristics of farm households (including the gender of the householder, age of the householder, education level of the householder, and health status of the householder), household characteristics (including household labor force, and level of an annual income of the household), management characteristics (area of cultivated land, and the number of cultivated land parcels), and other characteristics (human relations, and whether or not the household participates in specialized farmers’ cooperatives). Variable definitions are shown in Supplementary Table S1.



4.3 Model structuring


4.3.1 Baseline regression model

To examine the impact of digital agricultural technology services on the willingness of farmers to choose digital production technology, the baseline regression model in this study uses Ordinary Least Squares (OLS) method of estimation, which is a classic linear regression method. Its principle is to estimate model parameters by minimizing the sum of squared residuals between the actual observed values in the data and the model’s predicted values. Additionally, OLS regression coefficients can be directly interpreted as the average change in the dependent variable per unit change in the independent variable, making them intuitive and easy to understand. Furthermore, the relationships between variables may approximate linearity. OLS is capable of capturing this approximate linear relationship and providing corresponding interpretations. The Equation (1) set in this study is as follows:

[image: Mathematical equation: \( Y_i = \alpha_0 + \alpha_1 X_i + \alpha \text{Control}_i + \varepsilon_i \). Labeled as equation (1).]

Where [image: Lowercase letter "i" in a serif font.] denotes the farm household and [image: A capital letter Y followed by a subscript lowercase letter i.] denotes the willingness of the farm household to choose digital production technology, [image: The image shows the lowercase letter "x" subscripted with the lowercase letter "i".] denotes the factors affecting the willingness of the farm household to choose digital production technology, including the digital agricultural technology service and the effectiveness of the digital agricultural technology service.[image: The word "Control" is displayed in a serif font with a subscript letter "i".] denotes the sample’s characteristics, household characteristics, management characteristics, and other factors affecting farmers’ willingness to choose digital production technologies [image: Lowercase Greek letter epsilon followed by a subscript lowercase letter i.] is the error term [image: Lowercase Greek letter alpha followed by a subscript zero.] is a constant term, [image: Lowercase Greek letter alpha with subscript one.],[image: Greek letter alpha subscript two.]are to be estimated coefficients.



4.3.2 Mediated effect model

To further investigate the mechanism of the influence of digital agricultural technology services on farmers’ willingness to choose digital production technology, this paper sets up a mediated effect model. Equations (2)–(4) are established as follows:

[image: Mathematical equation depicting a linear regression model: \( Y_i = \alpha_0 + \alpha_1 X_i + \alpha \text{Control}_i + \epsilon_i \), labeled as equation (2).]

[image: Mathematical equation: \( M_i = \beta_0 + \beta_1 X_i + \beta \text{Control}_i + \varepsilon_i \). The equation is labeled as number three.]

[image: Mathematical equation: Y sub i equals beta sub 0 plus beta sub 1 prime X sub i plus beta sub 2 M sub i plus beta Control sub i plus epsilon sub i.]

Where [image: The image shows the mathematical notation "Y" with a subscript "i".] denotes the willingness of the farm household to choose digital production technology;[image: Capital letter "M" with a subscript lowercase "i".] denotes the Mediating variable, including economic cognition, operational cognition and technology accessibility; [image: Lowercase Greek letter beta subscript zero, often used in mathematics and statistics to represent a constant term in equations.] is a constant term;[image: Greek letter beta with a subscript one.], [image: Beta subscript one prime, beta subscript two.] are to be estimated coefficients.





5 Results and discussion


5.1 Descriptive statistics

Supplementary Table S1 depicts the traits of farmers and their agricultural production. A total of 214 farm households were interviewed for this study. The survey results show that 50 percent of the householders are headed by males and 50 percent by females, and they are generally older, with an average age of 46 years. The education level of the farmers was typically low, with more than 70 percent having only a junior high school education or below. In the research area, the mean value of farmers’ willingness to choose digital production technology is 0.355. It is necessary to analyze further the factors affecting farmers’ willingness to choose digital production technology to promote the sustainable development of digitalization of production in the appropriate areas; nearly half of the farmers have participated in digital agricultural technology activities related to digitalization of production, and the mean value of the effectiveness of the promotional activities is 3.187; the mean values of economic and operational cognition of farmers on production digitization were 3.262 and 3.150, respectively, indicating that the sample farmers in the research area have a certain degree of cognition and understanding of production digitization. The mean value of technology accessibility is 2.883, indicating that the cost of acquiring information about production digitization is relatively low. The descriptive statistics for the variables are presented in Supplementary Table S1.



5.2 Baseline regression analysis

This study utilizes Stata 17.0 for empirical analysis, the results are shown in Supplementary Table S2. The results from column (1) and (2) indicate that the use of digital agricultural technology services has a significant and positive impact on farmers’ willingness to adopt digital production technologies. The results are statistically significant. Furthermore, in column (3) (4), it is found that the effectiveness of digital agricultural technology services also significantly impacts farmers’ willingness to adopt digital production technologies. Specifically, farmers who acquire knowledge about digital production technologies through digital agricultural technology services demonstrate an enhanced willingness to adopt such technologies. This result validates Hypothesis 1. The underlying implication aligns with theoretical analysis: digital agricultural technology services facilitate real-time dissemination of information related to digital production technologies online, enabling farmers to learn and manage technology according to their specific needs. This facilitates visualization and two-way communication, thereby more effectively guiding farmers’ adoption behaviors (Gao et al., 2023; Yang et al., 2023). This empirical evidence supports the role of digital agricultural technology services in enhancing farmers’ digitalization levels.

Furthermore, the estimated results of the control variables also provide valuable insights. The participation of households in cooperatives significantly influences farmers’ level of digitalization, as evidenced by the tendency of cooperative-participating farmers to adopt digital production technologies more readily. This conclusion aligns with the findings of Yang et al. (2023). One possible reason for this phenomenon could be that traditional smallholder farmers aim to maximize their overall household income. To mitigate production risks and increase agricultural income, they often maintain diversified production operations. Consequently, they may be less willing to incur higher investment costs to adopt digital production technologies. In contrast, the production focus of new agricultural entities is primarily on agriculture rather than diversification, making them more inclined to adopt new agricultural technologies. Additionally, farmers involved in new agricultural entities typically have broader channels for acquiring information and expanding social networks, which facilitates their access to information and resources concerning emerging technologies. Farmers can access technical information through industry associations, cooperatives, training courses, and other channels, which facilitates their understanding and adoption of emerging technologies.

However, farmers with more extensive land holdings are less inclined to adopt digitalization. This result contradicts common expectations. It is widely assumed that farmers with larger land holdings would be more inclined to adopt digital production technologies because such technologies can assist them in managing and utilizing large-scale farmland more effectively through data analysis, intelligent equipment, and automated processes, enhancing the quality and efficiency of agricultural production. The possible reason is that the larger the cultivated land area, the more conservative the farmers are. This could be due to the fact that the return on technology investment may not be immediately obvious, or the investment recovery period is longer. Large-scale operations will bring higher management difficulty and risk, thus inhibiting farmers’ willingness to choose digital technology. It may also be due to the fact that the data for this study is only from Sichuan Province, China, which slightly compromises the representativeness of the research conclusion. Sichuan Province may have unique agricultural development, land use patterns, and characteristics of farmers. These factors may lead to the weak applicability of the conclusion in other regions.



5.3 Endogenous problem

Using digital agricultural technology services itself is a kind of farmers’ behavioral decision-making. Firstly, there may be an omission problem in the selection of variables in the model, and some variables are challenging to be measured accurately (such as farmers’ risk attitudes, innovation capacity). These factors can affect both digital agricultural technology services and farmers’ willingness to choose digital production technologies. Secondly, there is a reverse causation problem, that is, the adoption of digital production technologies may lead to a demand for digital agricultural technology services by farmers. Considering the possible endogeneity problem, this paper further adopts the instrumental variable method for the endogeneity test. Referring to Yang et al. (2023), This paper uses the convenience of digital agricultural technology services as an instrumental variable. Firstly, there is a strong correlation between digital agricultural technology service convenience and digital agricultural technology service. Secondly, digital agricultural technology service convenience is independent of farmers’ willingness to choose digital production technology, which satisfies the exogeneity condition required for instrumental variables.

The two-stage least square method (2SLS) was adopted in this paper. The results in Supplementary Table S3 show that after controlling endogeneity, digital agricultural technology services still positively effect dependent variables, which is consistent with the results of previous studies. According to the weak instrumental variables test, the minimum eigenvalue of the first stage is greater than the critical value at the 1% bias level. The F values in the first stage are 40.13 and 45.23, respectively, which are bigger than the critical value of 10. This indicates that there is no issue with weak instrumental variables (Supplementary Table S3).

The economic logic of the above empirical results is reflected in two aspects. On the one hand, digital agricultural technology service is a way for the country to provide agriculture-related services to farmers by using digital promotion means, and its goal is to promote the digital transformation of agricultural production, and to become an essential force in promoting the transformation and upgrading of agriculture and realizing the development of agricultural modernization. Through digital agricultural technology services, farmers can access agricultural technology information more conveniently, thus improving their understanding of new technologies and accelerating the practical application of agricultural science and technology achievements. This approach not only takes advantage of digitalization and enhances the efficiency of information transfer, but also helps promote the development of digital agriculture and the modernization of agricultural production.

On the other hand, the spread of the Internet in rural areas and the use of information tools such as mobile phones have significantly reduced the cost of information access for farmers, increased their exposure to new agricultural technologies, and strengthened their understanding of market needs. The externality of this information transmission provides farmers with a basis for more scientific decision-making.



5.4 Mediating effects

Farmers usually consider several factors when deciding whether to choose digital production technology, This paper explores the indirect mechanism by which digital agricultural services influence farmers’ willingness to adopt digital production technology. It examines this phenomenon from the perspectives of economic cognition, operational cognition, and technological accessibility, building upon the significant positive effect that digital agricultural technology services have on farmers’ willingness to adopt digital production technology. Based on this, this paper uses the Stepwise Regression Method to verify the above three action paths, and the results are shown in Supplementary Table S4.


5.4.1 Economic cognition

In Supplementary Table S4, the estimation results in columns (9), (10), (15), and (16) indicate that economic cognition mediates the relationship between digital agricultural technology services and farmers’ willingness to adopt digital production technologies. Regression results from columns (9) and (10) reveal that digital agricultural technology services are statistically significant, with a positive estimated coefficient, indicating a significant positive impact of these services on economic cognition. Similarly, regression results from columns (15) and (16) show that the effectiveness of digital agricultural technology services also significantly and positively influences farmers’ economic cognition regarding digital production technologies, thereby enhancing farmers’ willingness to adopt such technologies through economic cognition. This mechanism is confirmed.

Empirical findings suggest that digital agricultural technology services disseminate relevant information related to production material procurement, market sales, technical learning, meteorological content, and other aspects to many farmers through various platforms, thereby enhancing farmers’ economic cognition and increasing their expectations of economic returns. It provides a basis for farmers’ decision-making regarding adopting digital production technologies (Gao et al., 2023). Thus, research hypothesis H2 is supported.



5.4.2 Operational cognition

The estimation results in columns (11), (12), (17), and (18) of Supplementary Table S4 show the mediating role of operational cognition. Firstly, model (11) is set to analyze whether digital agricultural technology services enhance or reduce operational cognition. From the results in column (11), it’s evident that digital agricultural technology services can improve farmers’ operational cognition of digital production technology. The results in column (12) show that by introducing the variable of operational cognition, digital agricultural technology services still significantly and positively affect their willingness to choose digital production technology, and the results pass the significance tests of 1%. When farmers think it is easy to adopt digital production technology, their willingness to choose digital production technology increases. The results in columns (17) and (18) show that the effectiveness of digital agricultural technology promotion positively influences farmers’ operational cognition. According to the results, operational cognition plays a partial mediating role in the relationship between digital agricultural technology services and farmers’ willingness to choose digital production technology. Hypothesis H3 is confirmed.

Farmers access various types of information through digital agricultural technology services, including information obtained from websites, blogs, social media, and mobile applications. By sharing agricultural information, farmers can enhance their operational awareness, understand the diverse needs and specific operations of current agricultural technology services, stay updated on the latest trends, and efficiently carry out production tasks (Steinke et al., 2019).



5.4.3 Technology accessibility

Columns (13), (14), (19), and (20) present the results of tests with technology accessibility as the mediating variable. Column (13) analyzes whether digital agricultural technology services enhance or reduce technology accessibility. Based on the findings presented in column (12), it is evident that digital agricultural technology services contribute to enhancing technology accessibility. From the results in column (14), it can be found that after introducing the variable of technology accessibility, digital agricultural technology services still have a significant positive effect on farmers’ willingness to choose digital production technology, and technology accessibility has a significant positive impact on farmers’ willingness to choose digital production technology.

This result indicates that there is a mechanism by which digital agricultural technology services promote farmers’ willingness to choose digital production technology through increased technological accessibility. Hypothesis H4 is supported. Digital agricultural technology services utilize tools such as mobile phones and computers to broaden access to various sources of information (Yang et al., 2019), optimize the allocation of agricultural technology resources (Osman et al., 2020), reduce the difficulty of information acquisition, thereby lowering the cost of technology acquisition, and increasing technological accessibility. The increased technology accessibility reduces the entry barrier for farmers to adopt digital tools and services, thereby promoting their enthusiasm for choosing digital production technology. It is also conducive to the widespread promotion of digitization in agricultural production.




5.5 Heterogeneity analysis; based on different digital literacy

Digital literacy refers to an individual’s comprehensive ability to discover, access, evaluate, integrate, and communicate information quickly and effectively in a digital environment using Internet information technology tools (Mao et al., 2023). The digital literacy of farmers is increasingly critical in the process of digitalizing their production response. Drawing on Mao et al. (2023), this paper examines whether digital agricultural technology services have varying effects on the selection of digital production technologies among farmers with different levels of digital literacy. The importance of the Internet to farmers is utilized as a measure of their digital literacy.

Farmers with high levels of digital literacy are likely to have stronger skills acquisition and application capabilities. They can understand and apply digital production technologies more efficiently and integrate more quickly into the technical training and information sharing provided by digital agronomic services. Conversely, farmers with lower levels of digital literacy may require additional training and support to effectively utilize digital agricultural technology services.

Secondly, the level of digital literacy also affects farmers’ ability to access and process information. Farmers with high digital literacy are better at acquiring and processing digital information. They can better understand and assess the advantages and disadvantages of different digital production technologies, making informed choices accordingly. Farmers with lower digital literacy may struggle to understand and apply digital information, making them less receptive to digital production technologies.

Implementing digital agricultural technology services necessitates specific resources and facility support, including internet connectivity and smart devices. Farmers with high digital literacy are more likely to possess the capability to access and utilize these facilities and resources, thereby increasing their likelihood of adopting digital production technologies. A key aspect is the capacity of such services to mitigate the limited comprehension of technology applications and the constraints related to information resources when adopting new technologies, particularly in the selection of digital production technologies.

It is deduced that farmers possessing higher digital literacy are more inclined to utilize digital agricultural technology services to their full extent, consequently exerting a more pronounced positive influence on their preference for digital production technologies. To further validate this inference, the paper categorizes the sample into high and low digital literacy groups based on their responses to the questionnaire regarding the importance of the Internet. Subsequently, group regression analysis is conducted, and the results are presented in Table 1.



TABLE 1 Heterogeneous responses by digital literacy.
[image: Table comparing digital agricultural technology services and effectiveness between high- and low-digital literacy farmers. Includes columns for literacy types and variables such as control variable, sample size, R², and Chow test F statistics. High-digital literacy farmers show significance in services and effectiveness, with R² values of 0.065 and 0.092, and F statistics of 4.22 and 4.71. Low-digital literacy farmers have R² values of 0.150 and 0.266. Asterisks denote significance at various levels.]

In this paper, the sample farmers is divided into two groups, and the Seemingly Unrelated Regressions (SUR) test is applied to control for possible correlations between different samples. Models (21) and (23) in Table 1 demonstrate that digital agricultural technology services significantly influence the willingness of farmers with high digital literacy, with Chow test F statistics of 4.22 and 4.71, respectively. The results indicate that the impact of digital literacy on the willingness of farmers to choose digital production technologies is more significant when farmers with high digital literacy are using digital agricultural technology services.



5.6 Robustness checks

To ensure the robustness of the previous regression results, this paper replaces the dependent variable in the robustness test. Specifically, the willingness to choose digital production technology in the baseline regression is substituted with the question, “Are you willing to take the initiative to learn technology and knowledge about digital production and then carry out digital production?” The equation represents a regression of whether or not to use digital agricultural technology services on the willingness to engage in digital production according to standard scientific practices. The results, significant at the 1% statistical level, reveal a positive estimated coefficient, indicating that using digital agricultural technology services can enhance farmers’ inclination towards digital production with standard scientific methods. These findings align with those obtained from the baseline regression. The results are presented in Table 2.



TABLE 2 Robustness check.
[image: Table comparing two models, Model (25) and Model (26), analyzing digital agricultural technology services. Model (25) shows a coefficient of 0.509 with significance at the 1% level. Model (26) has a coefficient of 0.503 with significance at the 1% level. Both models include control variables and have a sample size of 214. R-squared values are 0.153 for Model (25) and 0.266 for Model (26). Robust standard errors are in parentheses.]




6 Discussion

Digital agricultural technology services and their effectiveness can positively influence farmers’ willingness to adopt digital production technology, primarily by impacting farmers’ economic cognition, operational cognition, and technological accessibility. The influence of digital agricultural technology services varies among farmers with different levels of digital literacy. Existing research suggests that digital agricultural technology services are a vital factor influencing farmers’ adoption behavior (Cunguara and Darnhofer, 2011). Digital agricultural technology services serve as a new driving force for agricultural modernization, playing a crucial role in helping farmers learn about new agricultural technologies, adjusting their livelihood decisions, and optimizing resource allocation (Shen, 2019).

From a theoretical standpoint, digital agricultural technology services not only reduce information search time (Steinke et al., 2019) but also enhance flexibility in technology application, providing comprehensive support for farmers to master new agricultural technologies (Tadesse and Bahiigwa, 2015). Farmers utilize digital agricultural technology services to communicate with the outside world, improving their decision-making grasp before technology selection and their ability to exchange information during the technology selection process, thereby reducing information negotiation costs.

Empirically, existing research has only analyzed the impact of digital agricultural technology services on farmers’ adoption of green production technology using fruit tree planters as an example (Gao et al., 2023), as well as the analysis of the impact of digital agricultural technology services on farmers’ adoption of rice-prawn cropping patterns (Yang et al., 2023). Most studies remain at the theoretical level and require further empirical confirmation. Moreover, there is a lack of in-depth investigation into the impact of digital agricultural technology services on the digitization of agricultural production.

This study conducted supplementary research based on existing literature, exploring the influence of digital agricultural technology services on farmers’ willingness to adopt digital production technologies, and validated relevant inferences using field survey data. Firstly, through the analysis of micro-level farmer data, a deeper understanding of digital agricultural technology services was gained, providing a more comprehensive understanding of literature in related fields. Secondly, previous studies lacked in-depth research on the effectiveness of digital agricultural technology services for farmers. However, in reality, the effectiveness of these services directly impacts farmers’ choices of production technologies, which also holds more direct economic significance.

The results of this study indicate that utilizing digital agricultural technology services and the higher effectiveness of theseservices will encourage farmers to choose digital production technology. Digital agricultural technology services providedigital agricultural consultation, technical training, and online support for farmers. This helps farmers understand and master the operational methods and application scenarios of digital technology, improving their technical acceptance and accessibility. Moreover, effective digital agricultural technology services can enhance farmers’ production efficiency and agricultural income. Through precise management and intelligent decision support of digital technology, farmers can optimize the processes of planting, breeding, and management. This can help reduce resource wastage, improve yield and quality, and ultimately lead to better economic returns.

Furthermore, digital agricultural technology services promote information sharing and social influence among farmers. When farmers observe their peers succeeding in adopting digital technology and sharing their experiences and cases through digital agricultural technology services, they may feel more motivated and confident to try and adopt similar digital production technologies. This practical guidance has been beneficial for farmers.

The research conclusion also shows that farmers who engage in new agricultural entities are often more willing to adopt emerging technologies. Farmers who engage in new agricultural entities usually have broaderaccess to information and social networks. They may face greater economic motivation and competitive pressure, so they need to improve production efficiency and reduce costs to maintain their competitive advantage. Therefore, farmers are more willing to adopt emerging technologies to cope with market competition and improve agricultural management efficiency. In addition, digital agricultural services have a greater impact on farmers with high digital literacy. The reasons may include their better technical understanding and application ability, higher technical acceptance and willingness to adopt, wider information acquisition channels and social networks, stronger self-learning and adaptability, and higher technological innovation ability.

These conclusions also provide a basis for the government to formulate relevant policies. The government is enhancing policy formulation by focusing on improving the supply of digital agricultural technology services, empowering new agricultural entities, enhancing farmers’ digital literacy training, and improving the policy support system.

The conclusion of this study not only offers practical guidance and policy suggestions for farmers and the government but also provides an important feedback mechanism for technology providers. Through research results, technology developers can gain a deep understanding of farmers’ demands and feedback on digital technology, enabling them to adjust and update their technical products promptly. This two-way feedback mechanism can not only promote the continuous improvement and innovation of digital technology but also better meet the actual needs of farmers, thereby fostering the modernization and intelligent development of agricultural production.

The article has certain limitations. Firstly, it employs cross-sectional data to study the impact and efficacy of digital agricultural technology services, whereas utilizing panel data could better address potential endogeneity issues within the model. Therefore, in future research, the research group will consider conducting a follow-up survey on the investigated farmers and collecting panel data to further expand the research on the factors influencing farmers’ willingness to adopt digital production technology. Secondly, the samples in this paper are all from Sichuan Province, China. The agricultural production situations vary significantly across different countries and regions, which may compromise the representativeness of the research conclusions. In future research, the scope of expanded samples can be further broadened to investigate the impact of digital agricultural technology services. Thirdly, the measurement methods of digital agricultural services in this paper are not comprehensive enough. Subsequent research could consider incorporating additional indicators such as the service life of digital agricultural services for farmers and the significancethey attribute to these services. This would enhance the measurement of digital agricultural services and their effectiveness.



7 Conclusion and policy implications


7.1 Conclusion

In the context of today’s rapid development of new media, digital agriculture is developing at a high speed. Farmers are increasingly inclined to use digital platforms such as WeChat, mobile applications (apps), and websites to access agricultural technology services. Digital platforms have become one of the primary ways for farmers to obtain agricultural information. Developing and perfecting digital agricultural technology services is of great practical significance in addressing the issues of farmers’ low willingness to adopt digital production technology, inadequate ability to utilize digital production technology, and ineffective digital development of agricultural production. Existing research has already demonstrated that digital agricultural technology services can broaden farmers’ information channels and reduce the costs associated with adopting technology. However, current studies often focus more on the impact of digital agricultural technology services on farmers’ selection of green production technologies, with little discussion on their influence on the digitization of agricultural production and the adoption of digital production technologies. Furthermore, there is a lack of exploration into the theoretical mechanisms underlying these phenomena.

Based on this, this paper analyses the impact of digital agricultural technology services on farmers’ willingness to choose agricultural digital production technology and its mechanism of action through a questionnaire survey of 214 households in Sichuan Province. The findings of this study offer a panoramic view of how digital agricultural technology services facilitate the digitization of agricultural production.

Firstly, the research findings indicate that digital agricultural technology services significantly promote farmers’ willingness to adopt digital production technologies, with significant statistical significance. Furthermore, by selecting the convenience of promoting digital agricultural technology services as an instrumental variable, the study maximally addresses endogeneity issues caused by neglecting certain variables or misalignment of causality, thus ensuring the robustness of the core conclusions.

Secondly, the willingness of farmers to adopt digital production technologies is primarily enhanced by digital agricultural technology services through three pathways: enhancing economic cognition, operational cognition, and technological accessibility. Empirical tests confirm the validity of these three hypotheses, forming the primary mechanism through which digital agricultural technology services influence farmers’ willingness to adopt digital production technologies.

Finally, the impact of digital agricultural technology services on farmers with different levels of digital literacy exhibits specific heterogeneity, with a more significant effect observed among farmers with higher digital literacy when using digital agricultural technology services to influence their willingness to adopt digital production technologies.

This research has significantly contributed to the existing literature by providing a detailed micro-data analysis on the subject, improving understanding of the topic. It also serves as a valuable resource for advancing digital agricultural technology services to facilitate the digital transformation of agricultural practices. The data not only benefit farmers by providing practical insights but also assist governments in shaping agricultural policies. The findings of this study can guide policymakers in implementing more impactful measures, leading to overall enhancements in the agricultural industry. The implications of this research extend beyond China and hold universal relevance and practical value for agricultural agencies worldwide.



7.2 Policy implications

Based on empirical research, this article proposes the following policy recommendations to promote farmers’ adoption of digital production technologies and enhance the level of digitalization in agricultural production:

First, Governments and relevant institutions should intensify efforts to promote and popularize digital agricultural technology services. It includes accelerating investment in digital infrastructure in rural areas, such as high-speed internet access and communication networks, to ensure that farmers can access digital agricultural technology services and tools, thereby reducing barriers to technology acquisition.

Second, Governments should strengthen the ability to adapt the supply and demand of digital agricultural technology services. Firstly, we need to accurately grasp the demand characteristics of different farmers for digital agricultural technology services and promptly innovate services with more targeted approaches. Secondly, the government needs to adjust the provision of digital agricultural technology services according to the digitalization level and resource distribution of farmers in different regions, and implement service innovation based on regional characteristics.

Third, Governments should actively leverage the advantages of new agricultural business entities such as rural cooperatives and launch digital literacy training programs. These programs can cover basic digital skills such as computer usage, Internet browsing, email, and basic knowledge of social media, helping farmers master basic digital skills and operational cognition, making it easier for them to use digital agricultural technology tools.

Fourth, Governments should establish sound monitoring and evaluation mechanisms, strengthen the review of agricultural technology services published on internet platforms, and improve the accuracy and effectiveness of digital agricultural technology services. Tracking the effects of digital agricultural technology services, promptly identifying problems, and rectifying them is essential.

Fifth, Governments should improve the policy support system and actively play a leading role in establishing a sound policy environment. While adhering to the overall direction of the rural digitalization policy, it is necessary to focus on optimizing various related sub-policies and promote corresponding changes in the fields of “agriculture, rural areas, and farmers” through careful adjustments. Additionally, local governments should formulate more specific and flexible policies based on the development status of local digital agricultural technology services and the actual needs of farmers, which helps enhance the adaptability, targeting, and effectiveness of policy instruments, ensuring the practical and effective implementation of digital agricultural technology service policies.
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The Regional Pest Control program represents a strategic intervention aimed at optimizing pesticide use in crop production, thereby mitigating the environmental impact of agricultural non-point source pollution from pesticides and fostering the development of high-quality agriculture. This study examines the influence of farmers’ perceived risks on the adoption of the Regional Pest Control program and evaluates its effect on pesticide application across a nationally representative dataset from Heilongjiang, Jiangsu, Anhui, Hubei, and Sichuan provinces. To account for unobserved heterogeneity, an endogenous switching regression model was employed. The findings reveal that farmers’ perceived risks associated with the Regional Pest Control program significantly deter its adoption. Furthermore, the program has been effective not only in reducing the frequency of pesticide applications but also in increasing the usage of pesticides with lower acute toxicity levels. Notably, the impact of the Regional Pest Control program on pesticide application demonstrates considerable variation in accordance with farmers’ risk attitudes.
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1 Introduction

Over the past four decades, China’s economy has experienced rapid growth, leading to significant advancements in agriculture and a substantial increase in agricultural production. However, the management of pests and crop diseases has predominantly relied on pesticides, leading to an escalation in their excessive use (Xingdong and Xuexi, 2019; Narayanan et al., 2024). Between 1990 and 2016, China’s pesticide application surged from 0.733 million tons to 1.74 million tons, marking an increase of 1.007 million tons and an average annual growth rate of 3.87%. Concurrently, the average annual growth rate of pesticide application per hectare of farmland in China was 2.11%, in contrast to the downward trend observed during the same period in developed countries such as Britain, France, and Japan. Furthermore, even in Vietnam, a developing country, the amount of pesticide applied per hectare decreased by 24% (Ngo-Hoang, 2024). Notably, the intensity of pesticide application per hectare in China is significantly higher, being only 40% of the global average (Ke, 2017). The excessive use of pesticides on cultivated land and in water bodies has severely affected the environment and consumer health, posing challenges to the export of agricultural products from China (Ren et al., 2023; Xu et al., 2023).

The academic community discusses the increasing focus on factors influencing pesticide use, especially the mechanisms behind farmers’ application decisions. It presents two perspectives: one posits that farmers, assuming a risk-averse stance, may over-apply pesticides to mitigate yield loss risks from pests and diseases (Skinner et al., 2016; Hou et al., 2020). Another perspective addresses the trust factor in agricultural product consumption and the issue of information asymmetry, leading to excessive pesticide use due to the dispersed smallholder farming structure in China and high regulatory costs (Fabregas et al., 2019; Zhao et al., 2020). It also considers farmers’ individual characteristics, agricultural training, off-farm work, and cooperative membership (Belay et al., 2017; Ning et al., 2024; Peng et al., 2024). Additionally, the role of biotechnologies, such as genetically modified organisms (GMOs), in reducing pesticide usage and mitigating agricultural non-point source pollution is highlighted, emphasizing the potential for GMOs to enhance food quality and safety (Huang et al., 2008; Gbashi et al., 2021).

Existing research has contributed to our understanding of the micro-mechanisms driving farmers’ pesticide applications, aiding in efforts to reduce pesticide use and mitigate agricultural non-point source pollution. However, several areas within the current body of research on this topic in China warrant further exploration. Firstly, there is a lack of compelling evidence to demonstrate significant differences in risk preferences among farmers globally. Therefore, the utility of risk preference as an explanation for the higher pesticide application rate per hectare of farmland in China compared to other countries remains questionable. Secondly, while the academic community has suggested interventions such as enhanced government regulation, agronomic training, and the issuance of deterrent signals to counteract farmer opportunism in pesticide application (Kang et al., 2015), the prevailing industrial organization model of smallholder farming in China inherently limits the effectiveness of these policy measures. Lastly, although biotechnological advances, such as genetic modification, have been shown to reduce pesticide usage, their adoption and application face constraints, particularly in the realm of consumable agricultural products, due to ongoing safety debates in China. A robust agricultural ecological environment is essential not only for achieving the objectives of rural revitalization and agricultural supply-side structural reform but also for fostering high-quality agricultural development in China. Both government and academic sectors are giving increasing attention to the challenge of addressing agricultural non-point source pollution through agricultural social services. This focus aligns with the broader push for agricultural supply-side structural reform and the implementation of the rural revitalization strategy, embedding China’s agricultural production more deeply within the framework of the agricultural socialized service system. The evolution of this system is a critical element of the agricultural supply-side structural reform initiative.

To address the issue of excessive pesticide use in China’s agriculture, enhance the agricultural ecological environment, and promote high-quality agricultural development, the Ministry of Agriculture initiated the Regional Pest Control program in 2008. This program involves socialized crop pest control services where organizations provide paid pest control services to farmers. By employing the unified mode of epidemic situation prediction, control time, control pesticide and spraying construction, these services aim to reduce pesticide use while ensuring agricultural output (Chaoan, 2011). By the end of 2016, the Regional Pest Control program’s socialized services had extended to 35.5% of the country’s crop area (Fan and Yunyun, 2023). Nevertheless, a scientific evaluation is required to ascertain whether the program has succeeded in decreasing pesticide use and increasing the use of low-toxicity, efficient pesticides. Internationally, scholars have thoroughly examined the role of different service organizations within the agricultural socialization service system and its effects on organic agriculture and sustainable agricultural growth (Carney, 1995; Labarthe and Laurent, 2013; Pedersen et al., 2019; Wuepper et al., 2021). Conversely, Chinese research on the link between agricultural socialized services and pesticide application, particularly the impact of the Regional Pest Control program on agricultural non-point source pollution from excessive pesticide use, is less developed. Only Ying Ruiyao and Bin (2017) utilized the Propensity Score Matching (PSM) method to explore the Regional Pest Control program’s effect on pesticide application intensity (Ruiyao and Bin, 2017). However, the econometric models used in existing studies have not fully addressed the endogeneity issue arising from self-selection, thus failing to accurately capture the program’s real impact on pesticide application. Moreover, while the PSM method can correct for self-selection errors due to observable farmer heterogeneity, it cannot account for unobservable heterogeneity (e.g., farmers’ skills, risk preferences), leading to potential “hidden bias”(Ma and Abdulai, 2016), which may skew the analysis results. Furthermore, pest control represents a high-risk aspect of agricultural production. Previous research has inadequately considered how farmers’ risk perception of the Regional Pest Control program influences their adoption behavior and the differential impact of the program on pesticide application among farmer groups with varying risk preferences.

This study applies the Endogenous Switching Regression (ESR) model to address sample selection bias resulting from both observable and unobservable farmer heterogeneity (Lokshin and Sajaia, 2004), analyzing the Regional Pest Control program’s effect on pesticide use in China. It significantly enhances the understanding of the role of farmers’ risk perception in adoption behavior, addresses endogenous issues arising from self-selection in decision-making, and evaluates the program’s impact across different groups of farmers’ risk preference. This multifaceted approach offers deeper insights into behavioral drivers and program effectiveness, contributing to more nuanced policy development in agricultural pest management.



2 Theoretical framework

Farmers, when deciding to adopt the Regional Pest Control program, face multiple constraints related to resources, information, and technology accessibility, and exhibit heterogeneity in their responses. If the Regional Pest Control program only result in reduced pesticide use without offering benefits that compensate for their costs, farmers are unlikely to adopt such services. Thus, farmers’ adoption decisions can be analyzed from a constraint optimization perspective: they will adopt the Regional Pest Control program only if the perceived benefits exceed the costs.

[image: Equation displaying "NB" with a subscript "1".] indicates the utility of farmers’ adoption of Regional Pest Control program, while [image: The image shows the mathematical notation "NB" with a subscript "0".] represents the utility of farmers not adopting Regional Pest Control program. [image: Mathematical expression showing the expected value of NB asterisk, written as E with NB followed by an asterisk in parentheses.] indicates the expected utility of farmers adopting Regional Pest Control program. Under the framework of random utility analysis, only when the expected net utility of Regional Pest Control program adopted by farmers is positive, that is [image: Mathematical equation showing the expectation of \( NB^* \) is greater than zero, represented as \( E(NB^*) > 0 \).], or [image: The image displays a mathematical expression: E(NB subscript 1) is greater than E(NB subscript 0).], [image: Mathematical expression inside parentheses: NB star equals NB sub one minus NB sub zero.] rational farmers will choose to adopt it. Given that the net utility derived from adopting the Regional Pest Control program is intangible and hence unobservable, it can be conceptualized as a latent variable. This latent variable encompasses the individual characteristics of farmers, including observable attributes such as educational attainment, their perceptions of the risks associated with adopting the Regional Pest Control program, and other unobservable factors. These are integrated with a function of independent and identically distributed error terms to model the decision-making process accurately.

Compared to individual pest control efforts by small-scale farmers, the Regional Pest Control program significantly mitigates the inefficiencies inherent in such decentralized approaches, including the inadequate capacity to manage large-scale disease and pest outbreaks, the non-specific application of pesticides, and the tendency toward excessive pesticide use. The advantages of the Regional Pest Control program in pesticide application management manifest in several key areas: First, Resource Advantage for Prevention and Control. The limited access of farmers to technical information crucial for agricultural production substantially influences pesticide application rates (Abdul Salam and Phimister, 2017). Pest control is a complex activity requiring high levels of technical knowledge and skill for the scientific application of pesticides. The ongoing labor migration from agriculture has led to an aging agricultural workforce, complicating the acquisition of pest control techniques and skills. This situation often results in excessive pesticide residues and overuse (Win et al., 2020; Zhang et al., 2023). In contrast, agricultural technology departments can provide targeted technical support and training to a select number of Regional Pest Control program organizations, Furthermore, the adoption of large-scale and efficient plant protection machinery by these organizations can address the inefficiencies and coverage issues associated with manual spraying by individual farmers. Second, Timeliness of Plant Protection. Climate warming has accelerated the spread of many diseases and pests, necessitating rapid and large-scale response measures. The Regional Pest Control program, with its unified approach to epidemic forecasting, control timing, agent selection, and organizational prevention, can effectively respond within the critical window for disease and pest control, swiftly mitigating outbreaks (Fuchu, 2017). Third, Reduced Monitoring Costs for Prohibited Pesticides: The diverse pest control strategies, pesticide selections, and procurement channels utilized by individual farmers lead to high supervision costs and inefficiencies. The Regional Pest Control program simplifies government oversight by centralizing pesticide procurement, thereby facilitating the regulation of pesticide use and encouraging the shift toward more efficient and less toxic pesticide applications (Chaoan, 2011).

To address the issue of sample selection bias and ensure the consistency of estimated results, this study employs a simultaneous equation model, specifically the endogenous switching regression (ESR) method. This approach analyzes the impact of farmers’ adoption of the Regional Pest Control program on pesticide application by considering the decision-making process for pest control and pesticide application as endogenous variables.



3 The research method

The Endogenous Switching Regression (ESR) model encompasses two primary stages: Firstly, a selection equation is formulated, whereby farmers assess the feasibility of adopting the Regional Pest Control program based on their individual resources and operational circumstances. Subsequently, the model delineates two outcome equations aimed at elucidating the variables of interest, specifically pesticide application. These equations articulate the relationship between the vector of explanatory variables and the outcome variable. The ESR model concurrently estimates the following three equations:

Selection equation (Whether farmers adopt the Regional Pest Control program)

[image: The equation represents a model for a latent variable \( NB_i^* \), defined as \( NB_i^* = \beta X_i + \eta_i \). The observed variable \( NB_i \) equals 1 if \( NB_i^* > 0 \) and 0 if \( NB_i^* \leq 0 \).]

[image: Outcome equation one: \( R_{is} = X'_{i} \beta_{is} + \psi_{is} \) if \( NB_{i} = 1 \). Equation labeled as two.]

[image: Outcome equation two: \( R_{in} = X'_{i}\beta_{in} + \psi_{in} \) if \( NB_{i} = 0 \) (Equation 3).]

In the proposed model, [image: Italicized letters "NB" followed by a subscript "i".] represents a binary variable indicating the adoption of the Regional Pest Control program by farmers, where [image: The image displays the mathematical expression \( NB_i = 1 \).]if the program is adopted and [image: Mathematical notation displaying \( NB_i = 0 \).] otherwise. The vector [image: Please upload the image or provide a URL for me to generate the alt text.] consists of parameters estimated in Equation 1, while [image: The image shows a mathematical expression with the letter "X" followed by a subscript "i".] encompasses variables such as the characteristics of the farmer, agricultural production and operational status, and household attributes. The error term, [image: The image displays a small, italicized lowercase Greek letter eta with a subscript i, often used in mathematical or scientific contexts.], is presumed to follow a normal distribution. The parameters [image: Equation symbol depicting the Greek letter beta with a subscript "is".] and [image: Greek letter beta with subscript "in" in italic font.], to be estimated in Equations 2, 3 respectively, quantify the impact of adopting the Regional Pest Control program on pesticide application. A distinction between [image: Stylized mathematical notation of the letter "X" with a subscript "i".] in Equation 1 and [image: Mathematical notation depicting \(X'_i\), where \(X\) is a variable, \(i\) is a subscript index, and the prime symbol (') indicates a modified or derivative form of the variable.] in Equations 2, 3 involves the inclusion of instrumental variables in [image: Mathematical notation showing \(X_i\), where \(X\) is a variable and \(i\) is a subscript, typically representing an index or element in a sequence.] to facilitate model identification. These instrumental variables are selected on the basis that they influence the decision to adopt the Regional Pest Control program but are unassociated with the level of pesticide application. For instance, the presence of local enterprises can increase non-farm employment opportunities for farmers, yet it bears no direct relation to pesticide usage levels. Similarly, the status of being a village cadre might encourage the adoption of government-promoted Regional Pest Control programs, but this status does not directly affect pesticide application rates. Consequently, this study identifies “the number of local enterprises” and “village cadre status” as instrumental variables for inclusion in the model concerning the adoption of the Regional Pest Control program.

The Endogenous Switching Regression (ESR) model employs a counterfactual framework to analyze expected outcomes under alternative scenarios. It posits hypothetical situations where farmers who have adopted the Regional Pest Control program did not do so, and conversely, those who have not adopted the program did. This study applies the ESR model to assess expected variations in pesticide application across these counterfactual scenarios. The conditional expected outcomes for each scenario are delineated as follows:

Observable pesticide application by farmers who have adopted Regional Pest Control program.

[image: Expected value of R sub s given NB equals 1 is expressed as X prime beta plus sigma sub zeta psi sub s lambda psi sub s, equation 4a.]

Counterfactual pesticide application by farmers who have adopted the Regional Pest Control program.

[image: Expected return equation labeled as equation 4b. The equation shows expected return of \( R_{ns} \) given \( NB = 1 \) is equal to \( X' \gamma + \sigma_{\xi_{ys}} \lambda_{\psi_s} \).]

Observed pesticide application by farmers who did not adopt the Regional Pest Control program.

[image: Expected value equation shown: E(R_ins | NB = 0) = X'γ + σ_ξψ_ns λ ψ_ns, labeled as equation (4c).]

Counterfactual pesticide application by farmers who have not adopted the Regional Pest Control program.

[image: Equation labeled as 4d shows the expected value of R sub S given NB equals zero. It is represented as X prime beta plus sigma sub zeta psi sub S lambda psi sub n S.]

[image: Equation 4e shows two formulas: λ subscript ψ subscript s equals φ of β times X subscript i divided by φ prime of β times X subscript i; λ subscript ψ subscript ns equals φ of β times X subscript i divided by one minus φ of β times X subscript i.]

In Equation 4e, [image: Lowercase Greek letter lambda followed by the lowercase Greek letter psi, subscripted with the letter s.] and [image: The expression shows a lowercase lambda symbol followed by the Greek letter psi and the subscript "ns".] also are known as the inverse Mills ratios, where [image: Mathematical expression showing the Greek letter phi, followed by an empty set of parentheses containing a dot.] represents the standard normal probability density function, and [image: The image shows the mathematical symbol phi, denoted by the Greek letter φ, followed by a pair of parentheses containing a dot.] denotes the standard normal cumulative distribution function. The ESR (Endogenous Switching Regression) model estimates not only the marginal impacts of explanatory variables on the outcome variable (pesticide use) but also calculates the treatment effects of farmers adopting socialized pest and disease control services on pesticide use. According to Heckman et al. (2001) and Greene (2012), Equations 4a–4d are used to compute the net impact of the adoption of socialized services on pesticide use, denoting the average treatment effect on the treated (ATT) and the average treatment effect on the untreated (ATU). The values for ATT and ATU are derived from Equations 5, 6 respectively.

[image: Equation for ATT: ATT equals the expected value of \(R_s\) given \(NB\) equals one, minus the expected value of \(R_{ns}\) given \(NB\) equals one. Labeled equation five.]

[image: Equation showing ATU equals the expected value of \( R_s \) given \( NB = 0 \) minus the expected value of \( R_{ns} \) given \( NB = 0 \). Labeled as equation 6.]

The results from the Dubin-Wu–Hausman endogeneity test (hereafter referred to as the DWH test) decisively reject the null hypothesis that the decision by farmers to adopt the Regional Pest Control program functions as an exogenous variable at a significance level of 1%. This finding indicates that treating the adoption of the Regional Pest Control program as an exogenous variable in Equations 2, 3 introduces endogeneity, potentially leading to inconsistent estimation outcomes if one were to apply an Ordinary Least Squares (OLS) model. A critical prerequisite for the effective utilization of the Endogenous Switching Regression (ESR) model is the fulfillment of the exclusivity constraint test. This test ensures proper model identification by requiring that there be at least one instrumental variable influencing the decision to adopt the Regional Pest Control program that does not directly affect pesticide application. This necessitates that the instrumental variable(s) have a direct impact on the adoption decision without directly influencing pesticide application levels. To validate the efficacy of “number of local enterprises” and “village cadre status” as instrumental variables, it is essential to demonstrate that these variables, along with others, satisfy the exclusivity constraint. This involves showing that these variables influence the decision to adopt the Regional Pest Control program but have no direct effect on pesticide application levels. The validity of using “number of local enterprises” and “village cadre status” as instrumental variables was assessed through Probit and OLS regressions on the adoption decision and pesticide application equations, respectively, incorporating these and other variables to ensure a robust analysis. The results indicated that “the number of local enterprises” and “whether the farmer is a village cadre” did not significantly affect the method of pesticide application but had a significant influence at the 1% level on “whether farmers adopt agricultural socialized services.” The rank LM χ2 statistic of the K-P test rejected the null hypothesis at the 1% significance level, signifying the model’s identifiability. Additionally, the Cragg-Donald Wald F statistic’s rejection of the null hypothesis at the 1% level suggests no weak instrument issue, affirming the effectiveness of the chosen instrumental variables.



4 Sample, data and variables


4.1 Sample and data sources


4.1.1 Sample selection

The genesis of agricultural non-point source pollution in China is multifaceted, with the overuse and misuse of pesticides in crop cultivation identified as a pivotal factor. Consequently, this study has chosen the Regional Pest Control program, which is intrinsically linked to pesticide application during crop production, as the sample for investigation. This selection aims to elucidate the program’s impact on pesticide usage in rice cultivation, offering insights into potential mitigative measures for pollution.



4.1.2 Data sources

The data collection for this study was conducted between July and September 2017. To ensure the representativeness of the survey sample and to mitigate the confounding effects of varying economic development levels and regional disparities on the evolution of agricultural social services, a stratified sampling method was employed. The research team selected five provinces: Heilongjiang, Jiangsu, Anhui, Hubei, and Sichuan, which is shown in Figure 1. These provinces, situated in the eastern, central, and western regions of China, were chosen based on their substantial rice production and the representativeness of their local rice cultivation statuses. Collectively, these provinces contributed to approximately 60% of China’s total rice output in 2017. They are characterized by an extensive history of rice cultivation, large cultivation areas, and a relatively advanced state of Regional Pest Control implementation. Within each province, two counties were chosen, and from each county, two Regional Pest Control program service entities were randomly selected with assistance from the local agricultural departments. Correspondingly, two villages within the service jurisdiction of each pest control entity were selected as sampling points. Subsequently, 20 to 25 rice farmers were randomly chosen from each village using a stratified random sampling approach. From this survey, 948 questionnaires were collected, with 900 deemed valid, resulting in an effective response rate of 94.93%. The questionnaires encompassed four domains: individual farmer characteristics, household demographics, fundamental agricultural operations, and village attributes.

[image: Map of China highlighting several provinces with colored circles: Sichuan in red, Hubei and Anhui in orange, Jiangsu in yellow, and Heilongjiang with a lighter shade of orange. The circles indicate different levels of significance or data concentration.]

FIGURE 1
 The map of research area.





4.2 Variable selection


4.2.1 Explained variable

Scientifically measuring the application of pesticides in rice production is complex. For the purposes of this study, “Pesticide Application Intensity” and “Proportion of Non-hazardous Pesticide Usage” are employed as quantitative and qualitative indicators of scientific pesticide application levels in rice production. “Pesticide Application Intensity” is quantified by the number of pesticide applications during a single mid to late rice-growing season, while “Proportion of Non-hazardous Pesticide Usage” is measured by the proportion of non-hazardous pesticides used out of the total pesticides applied. Although this approach is not flawless, it offers a valuable framework for analysis.



4.2.2 Key explanatory variables

The key explanatory variables in this paper focus on farmers’ subjective perception of the potential yield loss risk from adopting the Regional Pest Control program, its influence on their adoption behavior, and the subsequent impact on pesticide application in rice production. Farmers’ risk perception of adopting these services is based on their subjective evaluation and categorized into three levels: low, medium, and high. Measurement of farmers’ risk preference utilizes the payoff matrix method, classified as risk-averse, risk-neutral, or risk seeking. The choice to adopt the Regional Pest Control program is self-selected by farmers, which necessitates addressing endogeneity issues arising from such self-selection in key explanatory variables.



4.2.3 Other explanatory variables

To analyze the impact of farmers’ adoption of the Regional Pest Control program on pesticide use in rice production, this study incorporates 13 variables across four categories based on existing research and the specific context of rice production in China. These include characteristics of farmers such as age, gender, and education level; family features like the number of agricultural laborers, total household population, and per capita household income; operational variables such as the scale of rice planting, the cost of the Regional Pest Control program, and the intensity of agricultural technical support; and village attributes including terrain and average village income. Descriptive statistics for these main variables are presented in Table 1.



TABLE 1 Descriptive statistics of main variables.
[image: Table comparing variables between self-managed farmers (n = 509) and farmers adopting RPC (n = 391). It includes means, standard deviations, and t-values. Variables include pesticide application intensity, proportion of non-hazardous pesticide use, gender, age, education level, years in agriculture, risk perceptions, labor force size, household size, income, planting scale, technical support, and price. Village and instrumental variables like terrain, income, and local enterprise numbers are also listed. Significant differences are indicated at 10, 5, and 1 percent levels with asterisks.]





5 Empirical results analysis


5.1 Factors influencing farmers’ adoption of the regional pest control program service and the intensity of pesticide usage

In the ESR model estimates presented in Table 2, the LR test of independence of equations rejects the null hypothesis of independence between the selection equation and the outcome equation at the 1% significance level. The coefficients are significantly different from zero at the 1% level, indicating that the choice to adopt the Regional Pest Control program service and the pest control behavior itself are influenced by unobservable factors, leading to a negative selection bias. [image: Greek letter rho subscript one is greater than zero.] suggests that farmers who apply pesticides less frequently than average are more inclined to adopt the Regional Pest Control program service. These farmers often exhibit a higher risk preference and are more likely to adopt such services when facing the uncertainty of yields due to pests and diseases. Hence, the ESR model is suitable for analyzing the issue of agricultural non-point source pollution caused by pesticides. The results in Table 2 indicate that the decision to adopt the Regional Pest Control program service is influenced by a multitude of factors including individual farmer characteristics, household characteristics, and agricultural production and management features. Specifically, when other variables are controlled for, it is observed that farmers with higher education levels, older age, risk preference, larger household populations, higher per capita income, greater planting scales, and stronger agricultural technical support are more inclined to adopt the Regional Pest Control program service. Conversely, service price, length of time in agriculture, and the number of household laborers have a significant negative effect on the adoption of such service. These findings are largely consistent with the conclusions of Ruiyao and Bin’s (2014) study.



TABLE 2 Estimated impact of the regional pest control program service on pesticide application intensity.
[image: A table displaying regression results with three columns: adoption of socialized services, self-managed applications, and adopted socialized services. It includes variables such as individual characteristics, household characteristics, farming characteristics, village characters, and instrumental variables. Coefficients, standard errors, and significance levels are shown. Observations total nine hundred. Significance levels are denoted by one, two, and three asterisks. Numbers in parentheses indicate standard errors.]

Comparing the factors in Table 2, it is evident that the determinants of pesticide application intensity differ significantly between farmers who adopt the Regional Pest Control program service and those who rely on self-management. For the latter group, age, risk characteristics, per capita household income, agricultural technical support intensity, price, and village topographical features all significantly impact pesticide application intensity.



5.2 Average treatment effects of farmers’ adoption of the regional pest control program service on pesticide application intensity

Within the framework of the ESR model’s counterfactual estimation, the treatment effects of adopting the Regional Pest Control program service on the intensity of pesticide application (ATT) and the treatment effects of not adopting RPC service (ATU) can be computed using Equations 5, 6, respectively. As presented in Table 3, the actual pesticide application frequencies for self-managed and the Regional Pest Control program service-managed farms are 6.759 and 5.577 times, respectively. The Regional Pest Control program service exerts a negative treatment effect on pesticide application intensity, which is statistically significant at the 1% level. According to the ATU estimates, if self-managing farmers were to adopt the Regional Pest Control program service, their pesticide application frequency would reduce from 6.579 to 4.544 times, averaging a decrease of 2.214 applications and a reduction of 33.6%, significant at the 1% level. Conversely, ATT estimates suggest that if farmers currently using the Regional Pest Control program service were not to utilize them, their pesticide application frequency would increase from 5.577 to 7.727 times, an increase of 38.5%, also significant at the 1% level. These findings underscore that the Regional Pest Control program service, as a modern agricultural production method adapted to China’s national conditions, can effectively reduce the use of pesticides, thereby contributing to the enhancement of agricultural non-point source pollution control.



TABLE 3 Average treatment effects of the regional pest control program service on pesticide application intensity.
[image: Table showing two types of farmer services: self-managed and RPC service. Self-managed has scores of 6.759 and 4.544. RPC service scores 7.727 and 5.577. ATT for RPC service is −2.15, while ATU for self-managed is −2.214. Significance is indicated by asterisks at the 10%, 5%, and 1% levels. ATT represents the average treatment effect for farmers adopting the regional pest control program, and ATU for those who did not.]



5.3 Factors influencing farmers’ adoption of the regional pest control program service and the proportion of non-hazardous pesticide usage

The analysis results from the ESR model as shown in Table 4 indicate that the LR test of independent equations rejects the null hypothesis of independence between the selection equation and the outcome equation at the 1% level. Additionally, ρ0 and ρ1 are significantly different from zero at the 5 and 1% levels, respectively. This suggests that the decision to adopt the Regional Pest Control program service and the application of non-hazardous pesticides in pest control are both influenced by unobservable factors. Consequently, the ESR model is well-suited for analyzing the impact of socialized agricultural services on agricultural non-point source pollution caused by pesticides. The model estimates presented in Table 4 demonstrate that the adoption of the Regional Pest Control program service by farmers is influenced by a multitude of factors, including individual characteristics of the farmers, family characteristics, and the features of agricultural production and management.



TABLE 4 Estimated effects of the regional pest control program service on the proportion of non-hazardous pesticide usage.
[image: Table showing variables influencing the adoption of socialized services and pesticide use among farmers. Variables include individual farmer, household, operational, and village characteristics, along with instrumental variables. Significance levels are marked with asterisks: one for ten percent, two for five percent, and three for one percent. Numbers in parentheses indicate standard errors. Observations total nine hundred for both models.]



5.4 Average treatment effects of farmers’ adoption of the regional pest control program service on the usage proportion of non-hazardous pesticides

Within the ESR model framework utilizing counterfactual estimation, the Average Treatment effect on the Treated (ATT) and the Average Treatment effect on the Untreated (ATU) regarding the impact of the adoption of the Regional Pest Control program service on the proportion of non-hazardous pesticide application can be calculated using Equations 5, 6 respectively. The results, as shown in Table 5, indicate that the proportion of non-hazardous pesticide application for households practicing self-protection and those utilizing the Regional Pest Control program service are 69.2 and 70.5%, respectively. According to the ATT results, the proportion of non-hazardous pesticide application would decrease from 70.5 to 66.3%–a decline of 4.17 percentage points–if households utilizing the Regional Pest Control program service did not do so, with this effect being significant at the 5% level. The ATU value stands at 1.63%, also significant at the 5% level. Considering the variation in the proportion of non-hazardous pesticide application, particularly after excluding the impact of unobservable heterogeneity among households, the Regional Pest Control program service has increased the use of non-hazardous pesticides by 4.17 percentage points. These findings suggest that the Regional Pest Control program service is an agricultural production method well suited to the national conditions of China, as they effectively increase the utilization of non-hazardous pesticides, thereby mitigating agricultural non-point source pollution.



TABLE 5 Average treatment effects of the regional pest control program service on the proportion of non-hazardous pesticide usage.
[image: Table comparing farming types, self-managed and socialized service, on self-management, RPC service, ATT, and ATU. Self-managed farmers show 69.2% and 69.4% for self-management and RPC respectively, with 1.63% ATU. Socialized service shows 66.3% and 70.5%, with 4.17% ATT. Asterisks signify statistical significance at 10%, 5%, and 1% levels. ATT and ATU reflect average treatment effects for regional pest control program adoption and non-adoption.]



5.5 Analysis of group differences in the impact of the regional pest control program service on pesticide usage

Inherent risk preferences are influenced by cognitive abilities (Dohmen et al., 2010). To elucidate the differential impacts of the Regional Pest Control program service on pesticide application across sample groups with varying risk preferences, this study categorizes farmers based on their risk aversion levels. The average treatment effects of the Regional Pest Control program service on pesticide application intensity, as measured under different risk preferences through the Endogenous Switching Regression (ESR) model, are presented in Figure 2 and Table 6.

[image: Bar chart showing average treatment effects on pesticide application intensity by farmer risk preference. Blue bars represent self-managed, and orange bars represent socialized service. Categories: risk preference, risk neutral, and risk averse. Blue bars consistently higher, indicating greater intensity in self-managed cases across all risk types. Error bars included.]

FIGURE 2
 Average treatment effects of farmers with different risk preferences adopting the regional pest control program service on pesticide application intensity.




TABLE 6 Average treatment effects of farmers with different risk preferences adopting the regional pest control program service on pesticide application intensity.
[image: Table comparing risk preferences and management styles for different farmer types. It shows the average treatment effects of self-managed and socialized services. Values include 6.643 for risk preference self-managed, 7.624 for socialized service, and other entries, with ATT and ATU values indicating significance at 10, 5, and 1 percent levels. Significant differences are noted by asterisks.]

Based on the outcomes presented in Table 6, it is observed that the adoption of the Regional Pest Control program service significantly reduces the intensity of pesticide application across the board, irrespective of the farmers’ risk preferences. Upon segmenting the sample according to risk preferences, it becomes apparent that for farmers adopting the Regional Pest Control program service, the higher their propensity for risk, the less pronounced is the effect of these services on reducing pesticide application intensity. In other words, farmers with a stronger aversion to risk exhibit the greatest reduction in pesticide application intensity when adopting the Regional Pest Control program service. This pattern is consistent even among farmers who have not adopted these services, indicating that risk-averse farmers would benefit most in terms of reduced pesticide application intensity from the adoption of the Regional Pest Control program service.

The average treatment effects of the Regional Pest Control program service on the proportion of non-hazardous pesticide application, as calculated by the Endogenous Switching Regression (ESR) model for different risk preferences, are indicated in Figure 3 and Table 7.

[image: Bar chart titled "Average Treatment Effects on Proportion of Non-hazardous Pesticide Usage by Farmer Risk Preference." It shows proportions for three groups: Risk Preference, Risk Neutral, and Risk Averse. Each group compares Self-Managed (blue) and Socialized Service (orange) pesticide usage, with values over 60% and similar across groups. Error bars indicate variability.]

FIGURE 3
 Average treatment effects of farmers with different risk preferences adopting the regional pest control program service on the proportion of non-hazardous pesticide usage.




TABLE 7 Average treatment effects of farmers with different risk preferences adopting the regional pest control program service on the proportion of non-hazardous pesticide usage.
[image: Table comparing farmer type preferences between self-managed and socialized services. It shows percentages for risk preference categories: preference, neutral, and averse. ATT and ATU denote average treatment effects, with significance at 10%, 5%, and 1% levels. ATT shows higher values for socialized service among risk averse farmers, with 5.53% significance. ATU shows a negative impact for self-managed services in risk preference and neutral categories, with -2.87% and -1.89% significance, respectively.]

The results presented in Table 7 reveal that, in terms of the Average Treatment Effect on the Treated (ATT), the adoption of the Regional Pest Control program service increases the proportion of non-hazardous pesticide use across all farmers, regardless of their risk preferences. However, the effect is not significantly marked. This can be attributed to the fact that farmers’ choices of pesticides are influenced not only by their own awareness and willingness but also by the supply side. Government regulations on the types of pesticides supplied mean that even if farmers adopt the Regional Pest Control program service, the proportion of non-hazardous pesticides used does not increase substantially.

Further analysis segmented by risk preference indicates that for farmers adopting the Regional Pest Control program service, those with higher risk preferences show a smaller effect of these services on increasing the use of non-hazardous pesticides. Conversely, farmers with a greater aversion to risk experience the most significant impact in terms of increasing the use of non-hazardous pesticides. The same trend is observed among farmers who have not adopted the RPC service, where the Average Treatment Effect on the Untreated (ATU) for risk-preferent and risk-neutral farmers is negative. This pattern may be due to the fact that rice farmers in China are categorized into profit-oriented and subsistence-oriented groups. Subsistence-oriented farmers, who have an intrinsic motivation for green production, are more inclined to use non-hazardous pesticides. Consequently, their adoption of the Regional Pest Control program service paradoxically results in a decrease in the proportion of non-hazardous pesticide usage (Manivong et al., 2014).




6 Conclusions and policy implications

This study, based on the survey analysis of 900 households in five provinces including Heilongjiang, Jiangsu, and Sichuan, employs an endogenous switching regression model that allows for the elimination of both observable and unobservable household heterogeneity. This approach mitigates endogeneity issues arising from sample selection and enables the estimation of average treatment effects. Using pesticide application intensity and the proportion of non-hazardous pesticide use as entry points, the study empirically examines the impact of the Regional Pest Control program service on pesticide use within a counterfactual framework. The principal findings are as follows: Firstly, farmers’ risk perception regarding the adoption of the Regional Pest Control program service significantly influences their adoption decisions. Higher levels of risk perception are associated with a decreased likelihood of adopting the RPC service. Secondly, after controlling for observable and unobservable household heterogeneity, it is evident that the Regional Pest Control program service significantly reduce pesticide application intensity and increase the proportion of non-hazardous pesticide use, thereby mitigating agricultural non-point source pollution. Thirdly, the impact of the Regional Pest Control program service on pesticide use varies significantly among different groups of farmers with varying risk preferences. Those with a higher degree of risk aversion benefit more from the adoption of the Regional Pest Control program service in terms of both reducing pesticide application intensity and increasing the use of non-hazardous pesticides.

Based on the aforementioned conclusions, the policy implications of this study are as follows: First, the significant impact of the Regional Pest Control program service on pesticide application should be fully recognized and valued. As a crucial component of modern agricultural practices, the Regional Pest Control program service not only ensures the quantitative safety of agricultural products but also effectively reduces the intensity of pesticide use, thereby enhancing China’s agricultural competitiveness. This bears substantial social significance and industrial value. Second, there should be an intensification of efforts to promote the Regional Pest Control program service, improve pest and epidemic monitoring and reporting, and ensure stable crop yields. The introduction of agricultural insurance tailored to these services could alleviate farmers’ concerns over potential yield losses post-adoption and reduce their risk perception associated with these services. Third, it is essential to increase fiscal support for the Regional Pest Control program service to raise continually the willingness of both risk-averse and profit-oriented farmers to adopt such services.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Author contributions

BX: Funding acquisition, Writing – original draft, Conceptualization, Formal analysis. FK: Supervision, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This paper was supported by the Shandong Province Social Science Planning Research Project (Grant No. 21CXSX10).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References
	 Abdul Salam, Y., and Phimister, E. (2017). Efficiency effects of access to information on small-scale agriculture: empirical evidence from Uganda using stochastic frontier and IRT models. J. Agric. Econ. 68, 494–517. doi: 10.1111/1477-9552.12194

	 Belay, A., Recha, J. W., Woldeamanuel, T., and Morton, J. F. (2017). Smallholder farmers’ adaptation to climate change and determinants of their adaptation decisions in the central Rift Valley of Ethiopia. Agric. Food Secur. 6, 1–13. doi: 10.1186/s40066-017-0100-1

	 Carney, D. (1995). The changing public role in services to agriculture: a framework for analysis. Food Policy 20, 521–528. doi: 10.1016/0306-9192(95)00044-5

	 Chaoan, W. (2011). Specialized unified prevention and control: an important choice for modern agricultural development. China Plant Prot. Guide 31, 5–8. doi: 10.3969/j.issn.1672-6820.2011.09.001

	 Dohmen, T., Falk, A., Huffman, D., and Sunde, U. (2010). Are risk aversion and impatience related to cognitive ability? Am. Econ. Rev. 100, 1238–1260. doi: 10.1257/aer.100.3.1238

	 Fabregas, R., Kremer, M., and Schilbach, F. (2019). Realizing the potential of digital development: the case of agricultural advice. Science 366:eaay3038. doi: 10.1126/science.aay3038 
	 Fan, J., and Yunyun, Y. (2023). A comprehensive review of research on agricultural socialized services in China. Western Forum 33, 111–124. doi: 10.3969/j.issn.1674-81312023.02.008

	 Fuchu, Y. (2017). Practices and reflections on the construction of modern plant protection system in Hunan Province. China Plant Prot. Guide 37, 75–79. doi: 10.3969/j.issn.1672-6820.2017.11.018

	 Gbashi, S., Adebo, O. A., Adebiyi, J. A., Targuma, S., Tebele, S., Areo, O. M., et al. (2021). Food safety, food security and genetically modified organisms in Africa: a current perspective. Biotechnol. Genet. Eng. Rev. 37, 30–63. doi: 10.1080/02648725.2021.1940735 
	 Greene, W. H. (2012). Econometric analysis. London, UK: Pearson Education Limited.

	 Heckman, J., Tobias, J. L., and Vytlacil, E. (2001). Four parameters of interest in the evaluation of social programs. South. Econ. J. 68, 210–223. doi: 10.1002/j.2325-8012.2001.tb00416.x

	 Hou, L., Liu, P., Huang, J., and Deng, X. (2020). The influence of risk preferences, knowledge, land consolidation, and landscape diversification on pesticide use. Agric. Econ. 51, 759–776. doi: 10.1111/agec.12590

	 Huang, J., Hu, R., Rozelle, S., and Pray, C. (2008). Genetically modified rice, yields, and pesticides: assessing farm-level productivity effects in China. Econ. Dev. Cult. Change 56, 241–263. doi: 10.1086/522898

	 Kang, X., Jinghua, X., Nankun, Y., and Yaping, L. (2015). Social deterrence signals and value reconstruction: an institutional analysis of social co-governance in food safety. Econ. Perspect. 1, 4–16.

	 Ke, W. (2017). China’s per mu chemical fertilizer usage is 2.6 times that of the U.S., pesticide utilization rate only 35%: Agricultural inputs market awaits the 'Era of large-scale farming.

	 Labarthe, P., and Laurent, C. (2013). Privatization of agricultural extension services in the EU: towards a lack of adequate knowledge for small-scale farms? Food Policy 38, 240–252. doi: 10.1016/j.foodpol.2012.10.005

	 Lokshin, M., and Sajaia, Z. (2004). Maximum likelihood estimation of endogenous switching regression models. Stata J. 4, 282–289. doi: 10.1177/1536867X0400400306

	 Ma, W., and Abdulai, A. (2016). Does cooperative membership improve household welfare? Evidence from apple farmers in China. Food Policy 58, 94–102. doi: 10.1016/j.foodpol.2015.12.002

	 Manivong, V., Newby, J., and Cramb, R. (2014). Subsistence-oriented rice farming in the rainfed lowlands of central and southern Laos–a policy dilemma. A Policy Dialogue On Rice Futures: Rice-Based Farming Systems Research in the Mekong Region, No. 142, pp. 128–135. Available at: http://espace.library.uq.edu.au/view/UQ:350558

	 Narayanan, M., Devarayan, K., Verma, M., Selvaraj, M., Ghramh, H. A., and Kandasamy, S. (2024). Assessing the ecological impact of pesticides/herbicides on algal communities: a comprehensive review. Aquat. Toxicol. 268:106851. doi: 10.1016/j.aquatox.2024.106851 
	 Ngo-Hoang, D. (2024). Sustainable agriculture: Aquaponics-integrated greenhouse cultivation of cantaloupe with drip irrigation system.

	 Ning, A., Shan, Z., and Zhigang, X. (2024). Research on pesticide application intensity and outsourcing services in the 'Principal-Agent' perspective. Agricultural Technology Economy.

	 Pedersen, A. B., Nielsen, H. Ø., Christensen, T., Ørum, J. E., and Martinsen, L. (2019). Are independent agricultural advisors more oriented towards recommending reduced pesticide use than supplier-affiliated advisors? J. Environ. Manag. 242, 507–514. doi: 10.1016/j.jenvman.2019.04.091

	 Peng, Z., Xiaohong, L., and Yu, W. (2024). The impact of Farmers' digital literacy on the reduction of chemical pesticide use and its mechanisms. China Soft Sci. 2024, 64–73. doi: 10.3969/j.issn.1002-9753.2024.02.007

	 Ren, Y., Zhao, J., Liu, Y., Li, M., Tang, J., Ji, X., et al. (2023). Effects of diseases and pests on quality, industry and international trade of tea. Plant Dis. and Pests 14, 30–32. doi: 10.19579/j.cnki.plant-d.p.2023.03.010

	 Ruiyao, Y., and Bin, X. (2014). Analysis of the demonstration effect of Farmers' adoption of agricultural socialized services: the case of unified Pest and disease prevention and control. China Rural Econ. 2014, 30–41. doi: 10.12062/cpre.20170322

	 Ruiyao, Y., and Bin, X. (2017). The impact of specialized prevention and control Services for Crop Pests and Diseases on the intensity of pesticide application. China Popul. Resour. Environ. 27, 90–97.

	 Skinner, D. J., Rocks, S. A., and Pollard, S. J. (2016). Where do uncertainties reside within environmental risk assessments? Expert opinion on uncertainty distributions for pesticide risks to surface water organisms. Sci. Total Environ. 572, 23–33. doi: 10.1016/j.scitotenv.2016.07.164 
	 Win, T. T., Thu, M., Swe, T. M., Ko, T., Aung, T. T., Ei, H. H., et al. (2020). Degradation of soil quality in Mandalay region of Myanmar due to overuse of pesticides in agriculture. Asia Pac. J. Rural Dev. 30, 113–138. doi: 10.1177/1018529120977247

	 Wuepper, D., Roleff, N., and Finger, R. (2021). Does it matter who advises farmers? Pest management choices with public and private extension. Food Policy 99:101995. doi: 10.1016/j.foodpol.2020.101995

	 Xingdong, M., and Xuexi, H. (2019). Standardized apple production, regulatory effects, and recommendations for improvement: based on a survey analysis of 960 apple growers in 11 counties across Shandong, Shaanxi, and Gansu provinces. Issues Agric. Econ. 2019, 37–48.

	 Xu, H., Chaiboonsri, C., and Chokethaworn, K. (2023). Research on export prediction model based on machine learning: Application of China's agricultural products export. Proceedings of; 1-1-2023 2023.

	 Zhang, H., Li, J., and Quan, T. (2023). Strengthening or weakening: the impact of an aging rural workforce on agricultural economic resilience in China. Agriculture 13:1436. doi: 10.3390/agriculture13071436

	 Zhao, J., Gerasimova, K., Peng, Y., and Sheng, J. (2020). Information asymmetry, third party certification and the integration of organic food value chain in China. China Agric. Econ. Rev. 12, 20–38. doi: 10.1108/CAER-05-2018-0111



Copyright
 © 2024 Xu and Kong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.







 


	
	
ORIGINAL RESEARCH
published: 16 August 2024
doi: 10.3389/fsufs.2024.1383948








[image: image2]

Examining technical efficiency, prospects, and policies of farmers: data from a developing nation’s pineapple production

Tumpa Datta1, Jiban Krishna Saha1, Mohammad Ataur Rahman2, K. M. Mehedi Adnan1, Khadija Akter3, Abhijit Chowdhury4 and Md. Shah Alamgir1*


1Department of Agricultural Finance and Banking, Sylhet Agricultural University, Sylhet, Bangladesh

2Department of Agricultural Finance and Banking, Bangladesh Agricultural University, Mymensingh, Bangladesh

3Department of Agricultural Statistics, Sylhet Agricultural University, Sylhet, Bangladesh

4Upazila Land Office (Golapganj), Sylhet, Bangladesh

Edited by
 Wioletta Żukiewicz-Sobczak, Calisia University, Poland

Reviewed by
 Abdur Rouf Sarkar, Bangladesh Rice Research Institute (BRRI), Bangladesh
 Mohammad Reza Pakravan-Charvadeh, Lorestan University, Iran
 Amar Razzaq, Huanggang Normal University, China
 Swati Anindita Sarker, Jiangsu University, China
 Matthew Ayeni, Landmark University, Nigeria

*Correspondence
 Md. Shah Alamgir, salamgir.afb@sau.ac.bd 

Received 08 February 2024
 Accepted 03 July 2024
 Published 16 August 2024

Citation
 Datta T, Saha JK, Rahman MA, Adnan KMM, Akter K, Chowdhury A and Alamgir MS (2024) Examining technical efficiency, prospects, and policies of farmers: data from a developing nation’s pineapple production. Front. Sustain. Food Syst. 8:1383948. doi: 10.3389/fsufs.2024.1383948
 




Introduction: The unique characteristics of pineapples as a perennial plant, which guarantee their quick proliferation and adoption in both the tropics and subtropics, readily justify their economic significance. Although pineapple is a popular tropical fruit among Bangladeshi citizens, they continue to produce fewer pineapples than other international producers with limited export offerings. Hence, the study aimed to estimate the technological efficiency, prospects, and policies of pineapple growers in the northeastern district of Bangladesh.
Methods: One hundred respondent growers were surveyed directly to gather cross-sectional data using a multistage sampling technique. The technical efficiency scores of individual farms were calculated using the stochastic frontier model with the technical inefficiency model for identifying factors responsible for inefficiency.
Results: The technical efficiency scores range from about two-thirds to the absolute efficiency level, with a mean technical efficiency above the ninety percent level. The technical inefficiency effect model interpreted that farmers’ age and education had a significant positive impact, whereas credit, training, and family size had a significant negative impact on inefficiency.
Discussion: Findings indicated that sampled farmers may use inputs more efficiently and raise their yield by nearly one-twentieth. Therefore, the study suggests that the government should concentrate on strategies to attract young growers, as they are more capable of managing resources effectively and willing to accept technological breakthroughs. The study’s conclusions have significant policy ramifications specifically in the areas of finance, education and skills, and rural development that the Government should consider to increase farmer’s productivity and overcome various challenges while upholding national interests and ensuring the farming sector’s continued prosperity. To commercialize pineapple production and establish Bangladesh as a prominent production zone, more research and development are needed.
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1 Introduction

Bangladesh’s agriculture industry is a vital economic pillar. Its GDP contribution immediately following liberation in 1971 was approximately 60 percent. We all know that it is the most significant industry in Bangladesh in terms of GDP contribution, employment opportunities, and support for people’s livelihoods. Notwithstanding its considerable potential for employment in the rural labor force, its percentage of the GDP has declined over the past 10 years, from 17 percent in 2010 to approximately 11.66 percent in 2020 (BBS, 2022; BER, 2023). Improved agricultural productivity and food and nutrition security have been made possible by the adoption of agriculture-friendly policies and strategies, despite the effects of decreasing arable land, rising population demands for food and nutrition, climate change, the Russia-Ukraine crisis, and the coronavirus epidemic. This sector overwhelmingly impacts primary macroeconomic objectives like employment generation, poverty alleviation, human resources development, and food security. To meet the future needs of the expanding population, the government is working tirelessly to adopt short-term, medium-term, and long-term action plans. One such plan is to increase the export of high-value crops like pineapple (Figure 1) to build sustainable, safe, and profitable agricultural systems that ensure food security (Shakil, 2023).

[image: Flowchart illustrating the impact of pineapple production on economic, social, and environmental welfare. Economic welfare includes foreign exchange globally and increased national income. Social welfare covers job creation and food security. Environmental welfare involves a low carbon footprint and recycling of pineapple waste. These elements collectively contribute to national economic growth and development.]

FIGURE 1
 Safe and sustainable impacts of pineapple farming. This chart shows the favorable correlation between an economy’s overall development and pineapple production. Similar to many other fruits, pineapple production is important for the socioeconomic advancement of the populace, particularly for Bangladesh’s marginalized growers in the northeast.


Because of the success of commercial farming, fruit production in the nation has quietly undergone a revolution during the last 20 years. Bangladesh has maintained an average annual rise in fruit production of 11.5 percent over the previous 18 years, placing it among the top 10 tropical fruit-producing nations in the world (FAO, 2018; BBS, 2019). Pineapple is one of Bangladesh’s most important commercial fruit crops. Among all the fruits produced in the country, pineapple ranks 3rd in total garden area under fruit cultivation after banana and mango (BBS, 2016). Because of its chemical composition, it is the primary raw material utilized by the confectionary industries to produce food additives and domestic fruit juices (Akhilomen et al., 2015). As a significant fruit crop, pineapple is widely farmed in several districts, including Tangail, Rangamati, Mymensingh, Gazipur, Chattogram, Khagrachari, Bandarban, Moulvibazar, Sylhet, and Dhaka (Hasan et al., 2011). These districts employ a large number of women and farmers. Bangladesh’s most crucial pineapple fruit-growing areas are the Madhupur upazila of Tangail and the Sreemangal upazila of Moulvibazar. Based on an estimated 14,164 hectares of land, the nation produced 208,000 tons of fruit in 2020–21. The number of pineapples that grew in 2021–2022 increased from 0.469 million tons to 0.538 million tons, according to Department of Agricultural Extension (DAE) data. Due to the more extended winter season in 2021–22, the honey queen kind of pineapple, also known locally as Joldubi, which is grown throughout Bangladesh, particularly in the central part and the north-eastern division, has produced a higher yield than it did last year. While the yield of pineapples in 2022 was more significant than in previous years, the cost of production is also higher because more labor, water, and fertilizers are needed. Policymakers consider the pineapple industry among the top priorities for growing exports (Shakil, 2023). The agriculture department is addressing the issue of using chemicals to ripen and increase the size of pineapples.

In addition to utilizing chemical fertilizers, some avaricious growers and dealers treat immature pineapples with excessive growth hormones to get them onto the market sooner. Producers have not yet been able to lower their production risk due to the cultural practices used for pineapple growth up to that point. Nevertheless, pineapple output in Bangladesh is still far too low to meet export demands in the European Union (EU) and the subregion, despite the country’s potential for growing this fruit. There are some reasons for this low pineapple production, including the scarcity of good suckers, the producers’ inability to grasp basic principles like traceability and the crucial quality standard for fruit meant for export, and the high cost of specific inputs that have a detrimental effect on fruit quality and preservation. The fact that animals and birds consume naturally ripened crops while still in the fields presents another challenge for growers. However, animals and birds will not consume the fruits if ripening hormones are sprayed on them (Datta et al., 2023).

Furthermore, it is unfortunate that Moulvibazar lacks standards for the amounts and mixes of mineral fertilizers appropriate for pineapple crops, which would better protect the environment’s components—particularly the soils and water resources vulnerable to pollution or degradation. These standards would also be economically beneficial. Because of this, Sreemangal pineapple growers use different doses and types of mineral fertilizers according to their needs. This impacts the production costs and the quality of pineapples (Shakil, 2023) because confident growers overuse chemical fertilizers. Given that producers nowadays do not always have access to precise inputs and quality releases, knowing the efficiency level of producers allows for the definition of strategies to drive interventions (Fassinou et al., 2012). Investigating production potentials is necessary to match demand and supply with worldwide standards for pineapple, which requires improving productivity and quality. To prevent resource waste and, more importantly, to focus guidance on increasing the output of pineapple growers, the technical efficiency of pineapple producers must be evaluated.

As we all know, efficiency is a comparative indicator of a company’s ability to use inputs in a production process relative to other companies in the same industry. It can encompass all pertinent production parameters and represents actual farm performance. Understanding how sound resources are being used and what opportunities there are to increase productivity with the resources and technology already in place is crucial (Ahluwalia, 1996). Even though inputs are necessary for productive production, farmers in poor nations like Bangladesh confront significant obstacles when obtaining inputs. To help better comprehend the new demands of Bangladesh’s agricultural sector, it appears imperative to ascertain the study with two specific research questions: firstly, whether the farmers are producing in a technically efficient manner. Secondly, are there any factors or lack thereof for the technical inefficiency of pineapple growers?

However, several studies in the world and Bangladesh (Bakh and Islam, 2005; Begum et al., 2010; Islam and Sumelius, 2011; Alam et al., 2012; Polas, 2013; Sarker and Alam, 2016; Razzaq et al., 2019; Phrommarat and Oonkasem, 2021) have investigated the overall efficiency along with technical efficiency in different fields. Akter et al. (2020) explored the technical efficiency of pineapple in the Tangail district. Nevertheless, the currently available literature ignores the technological efficiency level of pineapple growers in Bangladesh’s northeastern region. Studying the effectiveness of livelihood-focused interventions in that area is extremely important because of their unique ecological characteristics.

Furthermore, rice used to be the main focus of Bangladesh’s previous food policies, with the goal being rice self-sufficiency. While rice continues to play a significant role in society, it is now necessary to create regulations and other tools that encourage crop diversification to supply a variety of food products and encourage the consumption of balanced, nutrient-rich diets.

As one of the fastest-growing agricultural subsectors, pineapples (Figure 1) are high-value commodities that need to be prioritized to ensure proper use of the nutrients ingested (FAO, 2018).

Therefore, multi-sectoral interlinked interventions focused on enhancing nutritional outcomes can be designed with the assistance of a new policy that is holistic and encourages the use of a “nutrition lens” to evaluate and prioritize various choices. Furthermore, a recently implemented policy that crosses the purview of more than a dozen ministries can offer an institutional framework under a single roof for ensuring sustainable production-consumption systems (SDG 12 of United Nations global goals) in the agricultural sector. The National Food and Nutrition Security Policy (NFNSP) of Bangladesh will benefit from the study’s results, which will also likely serve as a reference for creating and carrying out the country’s eighth and ninth five-year plans (MoF, 2022).


1.1 Background for identifying clear research gap

Despite extensive research on the Technical Efficiency of Pineapple, there is a research gap in classic literature and specific context. The contextual gap emerged when we could not explore any existing studies directly related to the topic-the understanding of the technological effectiveness of Pineapple in rural farm populations within the Sylhet Division. Hence, there was an opportunity for us to investigate a completely new geographic area with its high-value fruit crop.

The bulk of the studies were completed worldwide on the efficiency of different products including pineapple which helped us generate ideas regarding study design and analysis. For instance, Oladapo et al. (2007) examined the market margin and spatial pricing efficiency of pineapple in Nigeria. In addition, the technical efficiency and its determinants in Garden egg (Solanum Spp.) production were determined by Okon et al. (2010) in Uyo Metropolis, Akwa Ibom State, while Trujillo and Iglesias (2013) and Ghimire et al. (2023) employed the stochastic frontier approach for measuring the small pineapple farmers and lentil producers’ technical efficiency in Colombia and Nepal, respectively.

However, no study has been documented on the technical efficiency of pineapple production in the northeastern part of Bangladesh to the best of the author’s knowledge. Although numerous published works were identified on the various contexts of pineapple cultivation in different areas of Bangladesh (Table 1), our attempt could help mitigate this type of contextual gap in the advanced research arena.



TABLE 1 Previous studies on the different aspects of pineapple.
[image: A table showing studies on pineapple production in Bangladesh. It includes columns for Title, Objective, Methods, Key findings, and Authors. Titles cover topics like production challenges, financial analysis, agrochemical use, export possibilities, physical characteristics, and time series analysis. Objectives range from identifying problems to forecasting production. Methods include constraint index, descriptive analysis, correlation analysis, and ARIMA modeling. Key findings highlight issues like inefficiency in extension services, profitability analysis, high agrochemical use, and superior pineapple varieties. Authors are listed with respective years, such as Hasan et al., 2022, and Biswas and Nishat, 2019.]

To improve the economic, social, and consumer welfare of rural farmers, policies must be developed to increase their output through fruit farming. Hence, the aims of this study are twofold to mitigate the current research gaps: (1) To estimate the technical efficiency of pineapple production using the Stochastic Frontier Model (SFM) and (2) To identify the factors influencing the technical efficiency level of pineapple producers. The findings will add to the body of knowledge in light of Bangladesh’s shifting agricultural landscape, make it easier for the relevant authorities to pursue the right policies, and remove obstacles to the successful implementation of sustainable food systems through the productive production of pineapples in rural areas.




2 Materials and methods


2.1 Study area: north-eastern district of Bangladesh

The northeastern part of Bangladesh (Sylhet basin; Figure 2) contains the most commercially and ecologically significant hillocks with evergreen pineapple orchards, which are referred to as pineapple villages (Jahid, 2023). Sreemangal is situated southwest of the Moulvibazar district at 24.3083°N 91.7333°E (Banglapedia, 2023). Agriculture is the communities’ primary industry as this sector occupies 30.90 percent compared to other sources of income in the study area. The Sreemangal lies 17 m above sea level where the climate was warm and temperate. In winter there is much more rainfall than in summer. The average annual temperature is 24.7°C/76.5°F in Sreemangal. The annual rainfall is 2,420 mm. Precisely, Sreemangal is notable for its extensive tea and pineapple gardens as well as its continuous rain. The presence of lush trees has enriched its dynamic vegetation. The terraced tea gardens, plantations, pineapple gardens, and evergreen hills of Sreemangal are popular tourist destinations (Seema et al., 2023).

[image: Map showing the study area in Bangladesh, highlighting Moulvibazar in a regional context. Inset maps detail Sreemangal, using different colors and patterns for emphasis. A compass rose and legend are included.]

FIGURE 2
 Location of the study area. The research area, also known as “Pineapple Village,” is depicted on the map along with its physical borders and pertinent information. Because of the favorable biological circumstances in these areas, the fruit can be profitably grown on underutilized land, hillocks, and yards.


Since the Pakistani era, this region has been well-known for growing a variety of fruits, including pineapple, in the villages of Bishamoni, Bhunabir, Ashidron, Radhanagar, Ramnagar, Balishira, Noorjahan, Doluchhara, Satgaon, and Mohajerabad (Deshwara, 2015). The district’s 1,210 hectares of land are used for pineapple cultivation. On the other hand, this season in Sreemangal, about 500 hectares of land have been planted with three different varieties of pineapples (The Daily Tribunal, 2023). Nonetheless, this high-value cash crop can be grown in the northeastern region of Bangladesh on laterite soils on hillslopes and sandy, loamy soils high in humus. According to NHB (2015), it favors soils with a pH range of 5.0–6.0. Since Sreemangal’s soil, environment, and warm, humid weather are ideal for growing pineapple, many pineapples are grown here in the upper hills. This region can help Bangladesh’s millions build a sustainable socioeconomic existence by providing jobs, wholesome food, fuel, and fodder. The study is focused on the Sreemangal Upazila (Figure 2) due to its natural richness and biodiversity.



2.2 Variables of data collection, sampling technique, and sample size

Data on socioeconomic characteristics, pineapple production activities (such as input and output costs), and other farm-specific variables were collected from the farmers and analyzed using the stochastic frontier model, which was developed by Aigner et al. (1977) and adopted by Tadesse and Krishnamoorthy (1997) and Taylor and Shonkwiler (1986) were used to estimate the technical efficiency of pineapple farmers (Balogun et al., 2018). In analyzing the efficiency or inefficiency of farmers, the greatest output that can be produced from a particular set of inputs rather than the average of the actual relationship between farmers’ inputs and output is of relevance. According to the statement, given the state of technology, not all producers can use the minimal inputs necessary to generate the desired output. Producers do not continuously optimize their production functions, according to theory. Technically efficient producers are those who operate above the frontier production curve, and technically inefficient producers are those who operate below the frontier production curve.

Various works on technical efficiency in developing countries were reviewed to choose appropriate variables that best suit our research objectives before preparing the questionnaire. Among others, age (in years), Household head gender (male = 0, female = 1), Educational status (years of schooling), Occupation (1 = Farming, 2 = Business, 3 = Service, 4 = Farming + Business, 5 = Farming + Service, 6 = Others), Farming experience (in years), Family size (in Numbers), Farm category (Marginal = 1, Small =2, Medium = 3 and Large = 4), Access to credit (if taken credit = 1, otherwise = 0), Training (if received any training = 1, otherwise = 0) and Advisory services (if received any advisory services = 1, otherwise = 0) were included for technical efficiency analysis.


2.2.1 Research design

A multistage sampling procedure was used to sample 100 farmers. The first stage was the purposive selection of the Sreemangal Upazila from the other six pineapple-producing upazilas of Moulvibazar District because of its production potentiality (DS, 2011). The second stage was the random selection of 4 unions (Ashidron, Satgaon, Sindurkhan, and Sreemangal) of the upazila from 9 union parishads based on their bumper contribution to pineapple production using the lottery method. In contrast, the last stage was the random selection of a total of 100 farmers from the respective unions through the random number table method.



2.2.2 Method of data collection and sample size determination

This study collected raw data from 100 respondents employing a semi-structured questionnaire during on-farm production. The data were collected from sampled pineapple farmers about their production technology and output for 2019–20. The final questionnaire contained different study aspects, including general information, land-holding information, socio-economic aspects, problems, and probable solutions. Pre-testing was done before the final survey, which was conducted from February to April 2020. After that, a simple random sampling procedure was adopted to select the desired sample size and was calculated by using the method suggested by Cochran (1977) to calculate a representative sample for proportions as:

[image: Mathematical formula showing sample size adjustment: \( n = \frac{n_0}{1 + \frac{(n_0 - 1)}{N}} \).]

When,

[image: Mathematical formula for sample size calculation: \( n_0 = \frac{Z^2_{\alpha/2} \cdot p \cdot q}{d^2} \).]

Here, [image: A lowercase italic "n" symbol, commonly used in mathematical expressions or equations.] is the required sample size.

n0 is Cochran’s sample size computed for the ideal sample size.

[image: Handwritten serif uppercase letter "N" in a decorative style on a white background.] is the size of the population.

[image: \( z_{\alpha/2}^2 \)] is the selected critical value of the desired confidence level 95 percent = 1.962 = 3.8416.

[image: Please upload the image or provide a URL so I can help generate the alternate text for it.] is the estimated proportion of an attribute that is present in the population = 0.5, [image: Please upload the image or provide a URL, and I will help you generate the alt text for it.] = [image: It seems there is no image provided. Please upload the image or provide a URL for me to generate the alternate text.] −1 = 0.5.

[image: Lowercase italic letter "d".] is the error term 5% as we considered the confidence interval 95 percent (d = 0.05).

Therefore, [image: The image shows the mathematical symbol "n" with a subscript "0" in a serif font.] = 384.14 and [image: Mathematical notation of the lowercase letter “n” in a stylized serif font.] = 200.

Thus, based on the Cochran formula the sample size required was 200. For some limitations, the total sample size for the study was maintained at 100.




2.3 Analytical framework

The previous literature illustrates that the evaluation of technical efficiency employs two methods: a parametric approach and a non-parametric approach. The parametric approach enables econometric techniques, but the nonparametric approach is based entirely on mathematical techniques of Data Envelopment Analysis (DEA) used by Pakravan-Charvadeh and Flora (2022) and Pakravan-Charvadeh et al. (2022) in their research work identify nutrition efficiency. Previous studies have discussed and explained the advantages and shortcomings of both approaches (Battese and Coelli, 1992; Bravo-ureta and Evenson, 1994; Battese and Coelli, 1995). The econometric technique is stochastic and splits the impact of random error from the inefficiency effect. The non-parametric technique combines the errors and is known as combination inefficiency. The econometric technique is parametric and controls the impact of misspecification of practical form through inefficiency. The non-parametric technique is not so liable for this description error. However, the literature reveals that the econometric technique is commonly used to assess the technical efficiency of firms (Tchale and Sauer, 2015; Ali et al., 2019; Ndubueze-Ogarak et al., 2021). Accordingly, the econometric techniques were used in our study for Stochastic Frontier Analysis (SFA).


2.3.1 Theoretical foundations

Formalizing the yields’ response to various inputs is the primary driving force behind measuring manufacturing processes’ technical efficiency. The primary causes of the observed variances in this responsiveness are changes in the technology employed by the enterprises, variations in the efficiency levels of the production processes, and variations in the production setting. As a result, technological efficiency determines economic efficiency (Adegbite and Adeoye, 2015).

Farrell (1957) methodology was a precursor to technical efficiency modeling since it presumes the presence of an efficient production-possibility frontier (PPF). According to this concept, the PPF indicates the highest production that can be obtained from a specific combination of productive elements. The gap between each firm’s production level and the PPF’s peak level is used to calculate technical inefficiency. Consequently, it is possible to compute the technical efficiency as a percentage of the sample’s highest productive production unit.

Two different methods could be used to estimate this production function. First, there are the non-parametric approaches, which stand out for their adaptability. They are less constrictive when it comes to the parameters that are applied to the reference technology and when modeling manufacturing processes that involve many products (Trujillo and Iglesias, 2013).

Second, one can econometrically estimate a production function using parametric methods, allowing one to draw statistical conclusions from the estimation’s findings.

To apply these techniques, the dataset must be in a functional form. Using the latter approach, Aigner et al. (1977) and Meeusen and Broeck (1977) develop a stochastic production function to separate mistakes resulting from model misspecification from those that productive inefficiencies can explain. Determining the precise distribution of the error component and the production function’s functional shape is necessary for this differentiation.

The primary empirical source on the factors influencing technical efficiency in agriculture is Battese and Coelli (1995). The main hypothesis put out by these writers is the combined estimation of a model that incorporates the factors influencing agricultural production inefficiency and the efficient frontier of agricultural production.

As Coelli and Battese (1996) demonstrated Indian farmers tend to be more productive when they are older, have larger farms, and have more education. Similarly, Tian and Wan (2000) discovered that the efficiency of rice production in China is positively impacted by education, farm size, and the implementation of different cropping techniques. Similarly, Villano and Fleming (2006) found that factors including age, education level, the percentage of adults in the household, and the amount of money generated by non-farm activities influence technical efficiency in a sample of farmers in Central Luzon, the Philippines.

On the other hand, Amaza and Olayemi (2002) suggested that greater levels of technical efficiency are attained in Nigeria if education, technical support, and crop diversification all rise.

Within the same continent, Essilfie et al. (2011) measured maize growers in Ghana’s technical efficiency at the farm level; their findings indicated that variations in age, sex, years of education, family size, and farmers’ off-farm income impact technical efficiency. In Latin America, limited research was conducted on the estimation of the level of technical efficiency in agriculture using the stochastic frontier approach; however, it is noteworthy to mention the study of Benoit-Cattin and Mendez (1996) focused on a group of small coffee farmers in Guatemala for revealing their efficiency level at using the existing technology; these authors concluded that both technical assistance & credit support sustain Guatemalan coffee plantations. In Brazil, Conceicao and Araujo (2000) found the TE of a sample of commercial farmers and discovered that experience plays a significant role in explaining these farmers’ technical efficiency.

Furthermore, Richetti and Reis (2003) study looks at the economic effectiveness of the productive resources used in the State of Mato Grosso do Sul’s soybean farming. They demonstrated how the methods of transferring technology to growers of this grain are connected to technical inefficiency. According to Santos et al. (2006), there is a positive correlation between technological efficiency and the following factors in Chile: the size of the property, the distance from the main road, the age of the head of the family, and membership in a technology transfer group. Moreira et al. (2006) worked on a highly unbalanced panel dataset for a sample of small dairy farms in Southern Chile in a related investigation carried out in the same nation.

Both Taylor and Shonkwiler (1986) and Tadesse and Krishnamoorthy (1997) used the stochastic frontier model created by Aigner et al. (1977). When analyzing a farmer’s efficiency or inefficiency, what matters is not the mean of the actual relationship between the farmer’s inputs and output, but rather the highest output that can be produced with a specific set of inputs. The statement suggests that, given the state of technology, not all producers can use the minimal number of inputs needed to generate the desired quantity of output. Producers do not always optimize their production functions, according to theory. Technically efficient producers are those who operate on the production frontier; technically inefficient producers are those who operate below the frontier production curve.

Nevertheless, studies on the technical efficiency of production that employ the parametric method are scarce regarding pineapple production. Chen et al. (2001) conducted a remarkable study wherein the technical efficiency of 83 pineapple farms in China was measured. The study concluded that manpower is the most crucial aspect of production. In a similar vein, Adinya et al. (2010) established the inefficiency of Nigerian pineapple production. Their findings suggested that achieving higher production efficiency is significantly impacted by the farmers’ educational attainment.

Eventually, two types of functions namely: Cobb–Douglas and Translog dominate the technical efficiency literature. In the case of a lower sample size, the Translog specification might not be representative. The stochastic frontier production model is employed to determine respondents’ technical efficiency.

The Cobb–Douglas (CD) is the appropriate form of the frontier production function. The production technology is assumed to be characterized by the Cobb–Douglas production function since it has the advantage over other forms of production functions like the Linear and Semi-log production functions in that a logarithmic transformation provides a model that is linear in the log of input and hence, easily used for econometric studies (Coelli, 1995). This production function gave the best fit to data compared to the linear, exponential, and semi-log functional forms (Akhilomen et al., 2015).

In addition to the above, the CD functional form is mainly preferred because its coefficients directly represent the elasticity of production. It provides an adequate representation of the production process as we are interested in an efficiency measurement and not an analysis of the production structure (Taylor and Shonkwiler, 1986). Further, the CD functional form has been widely used in farm efficiency analyses. It is an adequate representation of the data (Abedullah and Bakhsh, 2006).



2.3.2 Stochastic frontier analysis

SFA, which is also known as a composed error model, was developed initially by Aigner et al. (1977) and Meeusen and Broeck (1977). Supposing an appropriate production equation, we described the stochastic production frontier Eq. 1 below:

[image: Mathematical equation depicting a function \( Y_i = f(X_i, \beta_i) \) for \( i = 1, 2, \ldots, n \), labeled as equation (1).]

[image: Equation depicting a linear regression model: \( Y_i = \beta_i X_i + \varepsilon_i \) for \( i = 1, 2, \ldots, n \) with equation number (2).]

Where Yi, yield produced by ith pineapple grower; Xi, inputs for the pineapple by ith growers; β, parameters of study; εi, collected unsystematic errors; εi = νi – ui, νi is symmetric (−∞ < νi < ∞) and shows those random errors, such as climate change or other natural disasters, which are out of the farmer’s control in the Eq. 2.

It is expected that νi is identically and independently distributed as N (0, σ2v; Gujarati, 2003). Farm-specific technical inefficiency is denoted by ui. On the other hand, it shows the gap of output (Yi) and its maximum possible output assumed by the SFA [f(Xi, β) + νi] (Aigner et al., 1977). ui arises from N (0, σ2v) and is half normally distributed below 0 (Kumbhakar and Lovell, 2000). The terms νi and ui are always independent of the input factors Xi.



2.3.3 Stochastic frontier model specification

The SFA model was used to estimate the technical efficiency of pineapple production. This technique specifies the effect of technical inefficiency that cannot be controlled by pineapple growers. The Cobb–Douglas Production function is suitable for estimating technical efficiency in our study, due to its advantages of easing interpretation and estimation. In addition, the elastic functional form solves the difficulty of multi-collinearity. We can express the SFA Eq. 3 for the analysis as below:

[image: Mathematical equation: \( \ln Y_i = \sum_{i=0}^{n} \beta_i \ln x_{ij} + \varepsilon_i \). The equation is labeled as number 3.]

Where Yi, yield of pineapple in kilograms per ha; ith, Number of farmers up to 100; jth, Number of variables up to 8; X1, Area under pineapple cultivation (ha); X2, Quantity of seedling (piece/ha); X3, Lime (kg/ha); X4, Urea (kg/ha); X5, Triple Superphosphate (TSP) (kg/ha), X6, Muriate of Potash (MoP; kg/ha); X7, Hormone (ml/ha); X8, Human labor (man-days/ha); εi, Error (composed error term); ln, natural logarithm; β0, Intercept of the model; βj, equation parameters.



2.3.4 Estimation of the stochastic frontier model

The Maximum Likelihood Estimation (MLE) technique was employed to estimate the SFA (Greene, 2000). The basic idea of the maximum likelihood principle is to choose the parameter estimates (β, σ2ε) to maximize the probability of obtaining the data:

[image: Equation labeled (4) represents the natural logarithm of likelihood, \( \ln L \), involving several mathematical expressions, including summations, logarithms, and square root functions. It incorporates terms with \( n \), \( \pi \), \( \sigma^2 \), and ε, with subscripts and variables i and \(\mu\), alongside fractional and exponential components.]

[image: Mathematical equation depicting ε sub i equals Y sub i minus X sub i times β sub v, referenced as equation five.]

Where σ2v and σ2u are the variances in the equation for v and u, respectively; further, σ2ε = σ2v + σ2u, and γ = σu/σv.

The MLEs of β, γ, and σ2ε at which the value of the likelihood function is the maximum were obtained by setting the first-order partial derivatives for β, γ, and σ2ε as equal to zero and solving these non-linear equations simultaneously in the Eqs. 4, 5. It can be estimated by using a non-linear optimization algorithm to find the optimal values of the parameters.



2.3.5 Equation of technical inefficiency estimation

In the model specification of technical efficiency estimation, it is expected that random vi is normally distributed as N (0, σ2v), whereas ui is half normally distributed as N (0, σ2u).

[image: The equation shown is: \( U_i = \delta_0 + \delta_1 Z_{1i} + \delta_2 Z_{2i} + \delta_3 Z_{3i} + \delta_4 Z_{4i} + \delta_5 Z_{5i} + W_i \). The equation is labeled as (6).]

Where Ui denotes the specific technical inefficiency of pineapple yield;

Z1 = Age of the pineapple farmer (in years).

Z2 = Education of the pineapple farmer (in years of schooling).

Z3 = Dummy variable for credit taken from any source, e.g., Banks, NGOs (Non-governmental Organizations) only for cultivating pineapple (1 for yes and 0, otherwise).

Z4 = Dummy variable for training on pineapple farming participated by the pineapple farmer (1 for yes and 0, otherwise).

Z5 = Family size in number.

δj = Parameters of the respective technical inefficiency variable to be estimated.

(j = l, 2,........ 5)

Wi = Random error term that is defined by the truncation of the normal distribution (With zero mean and variance, σw2).



2.3.6 Estimation of technical efficiency and technical inefficiency of individual pineapple growers

The following formula Eq. 7 is applied to estimate the Technical Efficiency (TE) of pineapple growers:

[image: Equation showing technical efficiency, \( \text{TE}_i = \text{Y}_i / \text{Y}^*_i(7) \), where \( Y_i \) is actual output and \( Y^*_i \) is potential output for unit \( i \).]

Where Yi, observed yield of ith pineapple grower; Yi*, frontiers yield of ith pineapple grower that is obtained; TEi, technical inefficiency of ith pineapple grower in the range of 0 to 1.

To obtain the result of Technical Inefficiency (TI) of individual pineapple growers, the Eq. 8 below was employed

[image: Mathematical equation displaying TI sub i equals one minus TEi with eight in parentheses.]

Where TIi = 1- (Yi/Yi*), TIi, technical inefficiency of ith pineapple growers in the ranges of 0 to 1 Eq. 8.



2.3.7 Hypothesis testing

It would be reasonable to fit an inefficiency effect model like (Eq. 6), if the inefficiency effects are significant, stochastic, and have a particular distribution specification.

Hence, according to Battese and Coelli (1995), we ought to test the following null hypotheses:

[image: Null hypothesis \( H_0 \) states that coefficients \(\gamma, \delta_0, \delta_1, \delta_2, \delta_3, \delta_4, \delta_5\) are zero, indicating farmers are completely efficient in producing pineapples.]

[image: (ii) Hypothesis H0 states that gamma equals zero, indicating that the inefficiency effects are not stochastic. Equation numbered 10.]

[image: Null hypothesis notation stating that δ1, δ2, δ3, δ4, and δ5 are equal to zero, indicating that the coefficients of variables in the inefficiency effect model are not simultaneously equal to zero, labeled as (iii) and reference number 11.]

The generalized likelihood ratio test was to be used to examine the null hypotheses. To get the log-likelihood values under the above three null hypotheses, i.e., from Eqs. (9–11), three different models were fitted. The model under the null hypothesis Eq. (9) is the traditional mean response function where output or cost is regressed up on the respective predictor variables given in stochastic production or cost frontier assuming zero inefficiencies. That is, only statistical noise makes up the random component; the inefficiency effect model was discarded. The degrees of freedom under this null hypothesis was 7, since γ = 0, implying σu2 = 0 and δj’s (j = 0,1,2, …, 5) are equal to zero. Similarly, the model under the null hypothesis Eq. (10) is also a conventional mean response function where the farm-specific variables such as age, education, credit, training on farming, and family size were also included in the model as independent variables with the input variables. In this case, only the inefficiency component (i.e., ui) is dropped from the original model which means that parameters γ, σu2 and δ0 are equal to zero. Hence, the degree of freedom under this null hypothesis was 3. Again, the model under the null hypothesis Eq. (11) is the original stochastic frontier model as it is, but the inefficiency effect model will be spilled. That is, dropping δj’s parameters (where, j = 1, 2, …, 5), the values of γ, σu2 and δ0 were to be calculated. Hence, the degrees of freedom under this null hypothesis are equal to the number of farm-specific variables dropped (i.e., 5).

Now the value of the log-likelihood function calculated at the model under H0 needed to be close to the value calculated at the original model for the null hypothesis to be accepted. A measure of this familiarity was the likelihood ratio statistic under the above null hypothesis is

[image: The equation shows a likelihood ratio test calculation: λ = -2[ln(L(H₀)) - ln(L(H₁))] approximates a chi-squared distribution with one degree of freedom, represented as X²₀.₀₅ (12).]

Where λ follows a chi-square distribution with degrees of freedom equal to the number of parameters assumed to be zero in the null hypothesis (H0) provided that H0 is correct and L(Ho) is the log-likelihood value under H0 and L(H1) is the log-likelihood value under H1 in the Eq. (12). Additionally, the renowned Student’s t-test was used to perform individual significance tests on the parameters in both the stochastic frontier model and the inefficiency effect model.





3 Results and discussion


3.1 Stochastic production frontier estimates

Table 2 displays the findings of maximum likelihood estimates for the pineapple technical inefficiency effect model and stochastic frontier production function. We discovered that area, lime and labor input would be sequentially correct based on their coefficients values all had statistically significant negative coefficients, meaning a negative impact on technical efficiency, with the values −0.011, −0.019, and −0.088, respectively. Small farms motivated family work and large farms’ tardiness in timely completing farm operations during crucial times may be responsible for the negative correlation between area and production. This conclusion coincides with those of Samarpitha et al. (2016) where the area under rice crops negatively impacted the technical efficiency (−0.0114), suggesting that small and marginal farms were technically more efficient than their bigger counterparts. So, the integration of rural industries is a crying need to improve agricultural productivity (Ye et al., 2023). On the other hand, the case of labor input may be linked to ineffective labor management in the study area and a declining rate of return on labor. The negative coefficients of labor input indicate that every single unit increase in the amount of labor per hectare leads to the rise of farmers’ inefficiency level by 0.088 units. This might be due to the lack of workers’ specialization in pineapple farming with less labor productivity nature in the study area. To ensure the positive impact of labor input employed for certainly we ought to give more focus on labor productivity rather than the labor supplies.



TABLE 2 Empirical results of the stochastic frontier production model.
[image: A data table displays two models: a production model and a technical inefficiency model. Each model lists variables such as area, seedling, age, and education, with corresponding parameters, coefficients, standard errors, and t-ratios. Levels of significance are indicated by asterisks, with three, two, and one asterisk representing significance at one percent, five percent, and ten percent levels, respectively. The variance parameters include sigma-squared and gamma, with associated log-likelihood function and mean technical efficiency values noted at the bottom.]

Ghimire et al. (2023) also found the coefficient of labor was 0.066 and was negatively significant denoting possible negative change by 6.6% in aggregate output of lentils as a result of unit man-days increment in labor use. These unexpected outcomes would be overcome with suggestions provided by Hasan et al. (2022) and Alam et al. (2019). The acreage of pineapple production explained the levels of technical efficiency to a significant degree as reported by Trujillo and Iglesias (2013).

The primary input in the production of pineapples was seedlings (sucker), for which the elasticity was determined to be 0.998 at a 1 percent significant level. This suggests that a 1 percent increase in seedling pieces per hectare is positively connected to a 0.998 percent improvement in farm efficiency. This positive relationship with output conforms to a priori expectation that is supported by Ghimire et al. (2023) where they also observed the coefficient of seed input was positively significant indicating unit increase in seed quantity will lead to an increase in lentil production by 37.6 percent. According to Balogun et al. (2018), as a management strategy for free movement and simple weeding, poor spacing of pineapple suckers after planting may have contributed to the positive coefficient of suckers’ substantial relationship with output. Leaders in the agriculture sector risk severe repercussions if they willfully ignore seed quality, such as increased produce prices, food insecurity, and a collapse in farm revenues. Considering the significant risks involved, it makes sense to spend money on premium seeds. Otherwise, this may be the reason that most of the farmers will use local seeds that may come up with poor germination and plant vigor (Ghimire et al., 2023). Additionally, we should get ready for financial instability to cascade down the supply chain from the farm to the consumer. The implication is that this will shorten production times while improving the quality, yield, and consistency of the finished crop.



3.2 Determinants of technical inefficiency among pineapple farmers

The lower part of the table enlisted the parameters of the technical inefficiency model. A negative value of parameters of the technical inefficiency variable presages a negative impact on technical inefficiency and vice-versa. Thus, the sign of the ‘δ’ parameters in the inefficiency effect model was expected to be negative which will impact the technical efficiency positively. The sigma square (σ2) is 0.025 of the estimated models was statistically significant at a 1 percent level of probability. This indicated a good fit of the distributional form assumed for the composite error term. The gamma (γ), which measures the dominance of the inefficiency effect over random error, with a value of 0.984 at a 1 percent level of significance implies that 0.984 percent of the variation in the output was attributed to technical inefficiency. The result shows that three variables credit, training, and family size had a significant impact on technical inefficiency with a negative coefficient. In the case of credit, the coefficient −0.066 at a 10 percent level of significance describes that technical inefficiency decreases with the increase of credit availability and utilization in pineapple production. This finding was consistent with the work of Balogun et al. (2018), Haq (2013) and Amoah et al. (2014), which showed a positive association between credit and input use and farm productivity. Again, at a 1 percent statistical level, farmers who received training conversely impact the technical inefficiency with the parameter coefficient of −1.034. It describes that farmer who had taken training tend to be less inefficient than their counterparts without having training. Trained farmers could implement improved production technology and had contact with the extension agents that led to efficient production for them. The result agrees with Balogun et al. (2018) and Akhilomen et al. (2015). On the contrary, Mussa (2011) used family size in the inefficiency effect model and found a positive impact on technical efficiency that coincides with our result. The reason may be that more family members ensure the availability of more family labor and can carry out important agricultural practices timely thus improving efficiency. It follows that a farmer who interacts with extension agents more often will be able to recognize and implement new farming methods more successfully than a farmer who interacts with them less. Since efficiency and a nation’s economic development are directly correlated, over time, economic growth is increased by more efficient businesses, higher input productivity, and increased economic activity. Every gain in efficiency usually results in a decrease in the cost of manufacturing (Naseer et al., 2020). Consumer prices for goods and services might go down when production costs are low. Technical efficiency is therefore necessary for long-term economic growth.



3.3 Farm efficiency level

The frequency distribution of the technical efficiency estimates for pineapple production is shown in both Table 3 and Figure 3. It is observed that technical efficiency varies from 61.57 to 99.33 percent for pineapple growers. The mean technical efficiency of pineapple farming is 94.37 percent in the study area. It indicates that on average a pineapple farmer in the study area still had the capability of increasing technical efficiency by 5.63 percent, using the available resources and technology to achieve the frontier output level. The frequency distribution of the technical efficiency implies that 85 percent of farmers had TE above 0.9, and only 4 percent is less than 0.71 (Figure 3). More precisely, in the study area, maximum farmers were found to operate at an 85 percent efficiency level. The result shows consistency with persistent heritage in the study area related to good agricultural practices, in particular for pineapple production. Eventually, a slight improvement in technical efficiency will lead to a good cost-efficient direction, which will help to enhance the farmer’s profit (Ghimire et al., 2023).



TABLE 3 Frequency distribution of technical efficiency estimates from C-D stochastic frontier production function.
[image: Table displaying the distribution of farmers across different efficiency levels. Efficiency levels: 0.60–0.70 (4 farmers, 4%), 0.71–0.80 (5 farmers, 5%), 0.81–0.90 (6 farmers, 6%), 0.91–1.00 (85 farmers, 85%). Total: 100 farmers (100%). Minimum efficiency: 0.6157, maximum: 0.9933, mean: 0.9437. Source: Author's estimation.]

[image: Bar chart titled "Farmers Efficiency Level" displaying efficiency levels on the x-axis and the number of farmers on the y-axis. The chart shows four bars: 0.60-0.70 with 4 farmers, 0.71-0.80 with 5 farmers, 0.81-0.90 with 6 farmers, and 0.91-1.00 with 85 farmers.]

FIGURE 3
 Technical efficiency scores of the individual pineapple farmers. The frequency distribution of technical efficiency estimates from the C-D stochastic frontier production function is demonstrated with percentages in this bar chart. Using the results, we may suggest suitable policies based on the nature of each farmer and their farm enterprise.




3.4 Tests of hypotheses on the parameters of the technical inefficiency model

Generalized likelihood-ratio tests of null hypotheses that the technical inefficiency effects are absent are presented in Table 4. The first null hypothesis, which specified that the inefficiency effects were absent from the stochastic production frontier model, was strongly rejected. The second null hypothesis, which specified that the inefficiency effects were not stochastic for the production frontier model, was also strongly rejected. The third null hypothesis, considered in Table 4, specifies that the inefficiency effects of stochastic production were not a linear function of age, education, credit, training, and family size. This null hypothesis was also strongly rejected at a 5 percent level of significance. This indicates that the joint effect of these five explanatory variables on the inefficiency of production was significant although the individual effect of one or more variables might not be statistically significant. The inefficiency effect in the stochastic production frontier was stochastic and was not uncorrelated to age, education, credit, training, and family size. Thus, it appears that, in this application, the proposed inefficiency stochastic production frontier model was a significant improvement over the corresponding stochastic frontiers which do not involve a model for the technical inefficiency effects.



TABLE 4 Tests of hypotheses on the parameters of the technical inefficiency effect model.
[image: Table titled "Technical inefficiency model" with columns: Null hypothesis, Log-Likelihood under H0, degrees of freedom, Critical value, Test statistic, and Inference. Three hypotheses are tested, with critical values and test statistics leading to rejection of each null hypothesis. Notes mention estimation sources and calculation details.]



3.5 Summary findings of the farm-level prospects

This study explored the future potentiality of fresh pineapples both in raw and processed form in Bangladesh (Figure 4). We are well-informed that pineapple has huge demand both locally and internationally for its several types of uses. Its consumption is increasing day by day because of its different nutritional and medicinal values (Shakil, 2023). Since exporting fresh pineapples is difficult because of their perishable nature, growers suggested that we focus on exporting canned pineapples. Besides, pineapple leaf fine fiber is already used for making different types of products (clothes, rope) in some countries due to its organic nature (Pandit et al., 2020). In the study area, most of the pineapple cultivators are mainly small and marginal-level farmers, they sell their product through trade agents at the village level, and a major share of pineapple marketing is run by this system in Bangladesh. The farmers reported that if it can be marketed through proper marketing channels then these juicy and nutritious pineapples are sure to earn huge amounts of foreign currency through export.

[image: Flowchart illustrating the uses of pineapples and their by-products. Pineapple is divided into products and by-products. Products include flesh/pulp for direct consumption and industrial use such as pulp juice, jam, jelly, and chips. By-products are categorized for agricultural and industrial purposes, including crowns, slips, suckers, seedlings, and animal feed. Further processing involves stems into cake and juice, peels into cake, juice, and handicrafts, and leaves for fiber extraction. These processes contribute to employment generation, export diversification, and becoming a top production zone.]

FIGURE 4
 Potentials of a pineapple tree from growers’ perspectives. According to the farmers, there are both qualitative and quantitative advantages to a nation’s pineapple production. It raises farm families’ standards of life and produces long-term profit as it is a perennial crop. The figure depicts the direct contribution that pineapple cultivation and consumption have made to the development of a sustainable agricultural industry for the coming generations.


As pineapple production is increasing every year in Bangladesh, it will be easy to establish a potential export site by utilizing the huge amount of leaf wastage. This leaf is the main raw material for pineapple leaf fiber production. Despite having an efficiency in Bangladesh in cheap labor costs the government provides various incentives for export promotion so natural and organic pineapple leaf fiber can be used to make products rather than synthetic fiber.

It is already known that the European market is the main target of many pineapple exporting countries (Untoro et al., 2021). As Bangladesh has been given different trade facilities by the European Union till now so entering that giant market is quite easy for us. Many Bangladeshis live in different countries of the Middle East and there is a demand for local fruits. Many of the local companies of Bangladesh have strong competitiveness in those markets, strongly similar to the findings of Untoro et al. (2021). So, investing in the canned pineapple market will be beneficiary for Bangladesh. Based on the available raw materials and potential production with a low production cost, there is a high production possibility of canned pineapple and pineapple leaf fiber in the study area.

Moreover, pineapple waste which is rich in fiber can be used as an energy source as well as a good digestive feed for animals such as poultry, broilers, and cows (Figure 4). Buliah et al. (2019) also found that feeding dairy cows with pineapple waste can increase milk production due to an increase in digestion rate.

In addition, the pineapple leaf fiber extraction and weaving industry along with the high demand for canned pineapple ensures the involved people can have income and employment opportunities needed to substantially improve their lives (Figure 4). This will lead to huge potential and economic rewards for indigenous weavers. By improving the lives of their families and their communities, the country can benefit from this. Extraction of fiber, weaving, and embroidery jobs enable them to earn money that allows them to remain at home. By joining this sector, they do not need to join any hazardous and non-prestigious jobs (such as brick fields, rice mills, or domestic workers) to earn money. The qualitative field-level research findings are represented through the following chart:

Since Bangladesh has only a few actual and potential export sectors it is expected that this study will contribute to identifying another potential income and export-earning sector of Bangladesh. We hope academically that the findings of this study will encourage many entrepreneurs and established businessmen to engage in this business.




4 Conclusion and recommendations

Pineapple is one of the few fruits with adequate vitamins and improved productivity in Bangladesh. Efficiency in its production is crucial to food security, poverty abatement, and lessening vitamin-related deficiency among the masses (particularly children) in the state. The study measured the level of technical efficiency and identified the factors influencing the technical inefficiency of pineapple production using the Cobb–Douglas stochastic frontier approach. The study concludes that technical inefficiency was present in pineapple production. The average technical efficiency was estimated as just below 95% across the study area meaning that farmers had been operating their farms below the production frontier. So, the results indicated that there is still scope for a remarkable improvement in technical efficiency in pineapple production with the remaining level of input supply to obtain the optimum level of output efficiency. The efficiency model indicated that seedling is a significant primary input for pineapple farmers’ efficiency. Therefore, if maximum production is to be achieved in the pineapple industry, the quality and optimum quantity of seedlings must be ensured.

The technical inefficiency factors model revealed that the efficiency of farmers was significantly influenced by demographic and institutional factors, such as age, education, training, credit, and family size. The age and education level of farmers had a significant positive influence on technical inefficiency, this positive coefficient indicates that technical efficiencies were significantly higher for the younger farmers, compared to old age groups, and informally educated farmers. On the other hand, credit, training, and family size had a significant negative impact on technical inefficiency, which implies that technical inefficiency will be reduced significantly by increasing access to formal credit and training along with the intervention of productive family members.

Regarding the findings, the study makes the following recommendations: (a) to increase productivity and reduce unemployment and poverty in the district and the nation, the government should create an atmosphere that encourages more young people to work in the pineapple industry. This is due to the following reasons: (i) Results showed that more human work led to lower production; (ii) Youth recruitment into agriculture is crucial because they are likely to be able and willing to accept contemporary technical advancements and use resources perfectly. Farmers need to understand that increasing worker productivity is more important than limiting production with hired labor; (b) Since farmers are not receiving inputs at the government rate, public interventions may be necessary to guarantee that high-quality inputs are reasonably priced. Furthermore, farmers stated that contaminated fertilizers caused them harm. Therefore, it is important to increase public awareness of the need to maintain fertilizer quality at both the local and rural levels; (c) The government should also prioritize education and extension services by bolstering the Department of Agricultural Extension (DAE), establishing farmers’ training centers, formal and informal farmers’ education, and technical and vocational schools; (d) In addition, financial assistance on favorable terms must be given to the farmers who grow pineapples. Eventually, policymakers ought to make some necessary amendments to their policies to make production inputs available to respective farmers at the right time, in the right quantity, and at affordable prices.

It is undeniable that Bangladesh has demonstrated remarkable growth and development, particularly during periods of heightened global unpredictability. Bangladesh went from being one of the world’s poorest countries at birth in 1971 to having a lower middle class in 2015 (The World Bank, 2023). Notwithstanding these successes, the economy continues to face significant obstacles, including growing inflationary pressure, energy scarcity, a deficit in the balance of payments, and a lack of revenue. The trade deficit shrank in Fiscal Year, FY23, while the balance of payments (BoP) deficit and foreign exchange reserves decreased as a result of a contraction in the financial account deficit. In a cutthroat commercial climate, technically proficient and prosperous pineapple growers may write a wonderful tale of poverty alleviation and job creation that would guarantee even a minor contribution to reaching upper-middle-class status by 2031. To maximize productivity given available resources and technological capabilities, it will be necessary to develop human capital, a skilled labor force, effective infrastructure, and a governmental climate that encourages private investment.

The results of this study, notwithstanding its focus on Bangladesh’s northeast, will significantly impact the 12th Sustainable Development Goal (SDG 12 of UNDP) by guaranteeing a more cost-effective and sustainable agri-food production and consumption system.



5 Limitations of the study and further research

Even though this study produced some important findings, it is important to recognize several limitations when evaluating the data. First off, the current study only looked at a small number of parameters to investigate their direct impact on pineapple growers’ technical inefficiency. Future studies in this area should take into account the effects of external variables on pineapple production, such as infrastructure, government regulations, market conditions, and climate change. Second, the paper only considers pineapple production in Bangladesh’s northeastern district, which might not be enough to allow the findings to be applied more broadly. Therefore, to strengthen the relevance and applicability of the study’s findings, future studies should be conducted in this direction including a wider variety of settings and circumstances. The use of cross-sectional data, which makes it difficult to capture the effects over time, and the reliance on farmers’ self-reported measures, which could lead to inaccurate predictions, are two other limitations. Time series data and panel data (He et al., 2023) should be used in this field of study to provide an accurate picture.
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China’s reform began in the countryside, and rural reform began in Anhui. This study uses Anhui Province, China as an example in analyzing the impact of agricultural science and technology innovation resource allocation on rural revitalization, particularly by constructing an econometric model. Results indicate that the allocation of agricultural science and technology innovation resources has a steady positive impact on rural revitalization. Improvements in the allocation of agricultural science and technology innovation resources can effectively promote the development of rural revitalization and the spatial spillover of rural development, thereby facilitating the promotion of the spillover of neighboring areas to local rural development. A nonlinear relationship exists between allocation of agricultural science and technology innovation resources and rural revitalization. Lastly, rural revitalization can only be promoted substantially when the allocation of agricultural science and technology innovation resources reaches a certain condition.
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1 Introduction

Agriculture is the foundation of national development, and high-quality agricultural development is related to national security. “Achieving the transformation from a large agricultural country to a strong agricultural country” is the goal China pursues. Since the reform and opening-up, China’s agriculture has entered a rapid development track. From 1978 to 2022, the number of employees in the primary industry decreased from 283.18 million to 176.63 million, the total output value of the primary industry increased from 101.85 billion yuan to 8.83451 trillion yuan, the total output value of agriculture, forestry, animal husbandry, and fishery increased from 137.9 billion yuan to 15.60659 trillion yuan, and grain output increased from 304.765 million tons to 686.528 million tons (National Bureau of Statistics of the People’s Republic of China, 2023). China’s agriculture is also crucial to the world. The added value of China’s agriculture, forestry, animal husbandry, and fishery as a proportion of the world’s total added value increased from 17.44% in 2001 to 30.27% in 2019, ranking first in the world. The average annual growth rate reached 10.03%, higher than the world average annual growth rate of 6.71% during the same period. The annual output of wheat, rice, fruits, vegetables, and pork, as well as their share of the global total output, also ranked first in the world (Xue and Gao, 2023).

The key to agricultural modernization is agricultural science and technology innovation. The contribution rate of China’s agricultural scientific and technological progress has maintained a steady growth trend in recent years, rising from 54.5% in 2012 to over 63% in 2023. Although there is still a gap compared to the generally over 70% level of innovative countries, the overall level is already among the world’s best (Li and Cheng, 2024). However, compared to the world’s agricultural powerhouses, China’s agricultural competitiveness still has significant shortcomings. The proportion of agricultural labor is still relatively high (23.6% in 2020, compared to less than 3% in most high-income countries), and the return on labor input is very low. At constant 2015 USD, China’s per labor agricultural value added is $5,609, which is only 5% of that in the US, Israel, Canada, and 20% of the EU’s overall level (Wei and Cui, 2022). Therefore, it is still necessary to emphasize the transition from factor input-driven growth to efficiency-driven growth.

Implementing the rural revitalization strategy is the most important guarantee for achieving the modernization of China’s agriculture and rural areas and building a strong agricultural country. It is the current focus of China’s ‘agriculture, rural areas, and farmers’ work, and agricultural scientific and technological innovation is the internal driving force that promotes rural revitalization. As China’s rural revitalization continues to move toward a deeper level, the impact of agricultural scientific and technological innovation on rural revitalization has become increasingly prominent. Such an innovation involves various subjects and fields of the rural revitalization system, plays a significant role and has become a key core force driving rural revitalization and development. Accordingly, China has attached unprecedented importance to agricultural science and technology innovation. The ‘14th Five-Year Plan’ for national agricultural and rural science and technology development indicated that by 2035, several world agricultural science and technology centres will be established; agricultural science and technology modernization will be characterized as high-end, intelligent and green and an agricultural science and technology power will be formed. It is foreseeable that the position of agricultural science and technology innovation in the future development of China’s agriculture and rural areas will continue to be strengthened. Therefore, the position of agricultural science and technology innovation in the framework of China’s agricultural and rural development in the future will continue to be strengthened.

Scientific and technological resources are strategic resources. Implementation of innovation-driven development strategies require markedly efficient allocation of scientific and technological innovation resources. Effective allocation of scientific and technological innovation resources is the fundamental goal of China’s scientific and technological system reform (Liu and Li, 2021). However, the allocation of agricultural science and technology resources is a complex adaptive system, which is reflected in the complexities of the actual agricultural science and technology resources allocation system and agricultural science and technology resources optimization allocation process (Yang et al., 2013). Scarcity of scientific and technological resources makes the allocation the key to its effect, as the sum of resources invested in agricultural scientific and technological activities, whether or not agricultural scientific and technological resources can achieve Pareto optimality, is closely related to the high-quality development of agricultural economy (Yang et al., 2011).

Allocation level affects the role of agricultural science and technology innovation in rural revitalization. The current study focuses on this issue and uses Anhui Province, China as an example to explore the impact of agricultural science and technology innovation resource allocation on rural revitalization. Anhui Province is located in the middle and lower reaches of the Yangtze River and the Huai River, centrally positioned toward the east, with access to both the river and the sea. It borders Jiangsu Province and Zhejiang Province to the east, Hubei Province and Henan Province to the west, and Shandong Province to the north. The province spans about 450 kilometers from east to west and about 570 kilometers from north to south, covering an area of 140,100 square kilometers, which accounts for 1.46% of China’s total area (National Bureau of Statistics of the People’s Republic of China, 2023). By the end of 2022, Anhui had a population of 61.27 million, accounting for 4.34% of the national total. Its regional GDP was 4.5045 trillion yuan, making up 3.74% of the national total. The total output value of agriculture, forestry, animal husbandry, and fisheries was 372.23 billion yuan, representing 4.02% of the national total. Grain production totaled 41.001 million tons, accounting for 5.97% of the national total, and meat production was 4.753 million tons, accounting for 5.10% of the national total (source: National Bureau of Statistics). Anhui Province was selected as sample area for three reasons. Firstly, we are optimistic to obtain relatively more targeted research findings. China has a vast territory with significant differences between the different regions. By limiting the observation sample, we can effectively improve the pertinence of the research findings. Secondly, Anhui Province is markedly representative. On the one hand, Anhui Province is the birthplace of China’s rural reform and has long been a major agricultural province. Anhui Province frequently serves as a pilot region for various agricultural and rural policies in China. On the other hand, Anhui Province is a component province of China’s Yangtze River Delta (YRD) integration and a core member of the YRD scientific and technological innovation community. The Yangtze River Delta is the most important base for scientific and technological innovation in China. Thus, Anhui Province possesses the dual attributes of rural agriculture and technological innovation. Thirdly, Anhui’s unique geographical characteristics make it a valuable research subject. Anhui Province is divided by the Huai River and Yangtze River into three regions: north of the Huai River (Huaibei, Bozhou, Suzhou, Bengbu, Fuyang, Huainan), between the Huai and Yangtze Rivers (Hefei, Chuzhou, Lu’an, Anqing), and south of the Yangtze River (Huangshan, Chizhou, Wuhu, Ma’anshan, Xuancheng, Tongling). The northern area is a plain, the area between the rivers is hilly, and the southern area is mountainous. These regions differ significantly in dialects, customs, and economic development, forming three relatively independent human-geographical units. This may lead to imbalanced distribution of agricultural science and technology innovation resources across different regions.

Technological innovation significantly enhances the quality of economic development (Aghion et al., 1992; Keller, 2002). Resource allocation is crucial for economic development (Restuccia et al., 2008; Hopenhayn, 2014), and this is also true for technological innovation resources. These typically include financial resources (Breschi et al., 2011), human resources (Guellec, 2004), physical resources (Allison and Long, 1990), and informational resources (Adabi et al., 2013). Even in developed countries like the United States, the United Kingdom, and Japan, the allocation of technological resources shows regional disparities (Malecki, 1993; Metcalfe, 1993; Hickok, 1999).

Most of the existing studies on the allocation of agricultural science and technology innovation resources in China have used various methods to calculate, evaluate and analyse allocation efficiency (Liu et al., 2022; Li et al., 2019; Zhang et al., 2018). Although these studies are important, no further analysis on the impact on rural revitalization has been performed after calculating the allocation efficiency of agricultural science and technology innovation resources. Some studies have focused on the impact of China’s agricultural science and technology innovation resources on agriculture and rural development, and have explored the relationship between agricultural science and technology resources and agricultural economic development. For example, the paper believes that increasing expenditure on agricultural science and technology activities, cultivating agricultural technical personnel and improving the utilization efficiency of agricultural machinery are important path choices for promoting agricultural economic development (Yang et al., 2011). The paper found that the number of agricultural science and technology patents granted, number of new agricultural varieties and number of agricultural science and technology papers are prerequisites for promoting agricultural economic growth (Chen, 2016). On the one hand, this research stream is long-standing. On the other hand, the statistical and measurement methods used are relatively simple, only revealing the correlation between agricultural science and technology innovation resources and agriculture and rural areas. Additionally, some studies have analyzed specific input factors in the allocation of agricultural science and technology innovation resources, such as human capital and financial capital investment in agricultural science and technology innovation (Deng and Wang, 2020) and scientific and technological personnel (Hu et al., 2022). They conclude that there is still room for improvement in the effect of these input factors. Although the objective of this type of research is markedly focused and microscopic, there are some deficiencies in the integrity.

Evidently, the impact of the allocation of agricultural science and technology innovation resources on rural revitalization should be further analyzed. Although some studies have analyzed the role path and internal mechanism of agricultural science and technology innovation driving rural revitalization (Song et al., 2020; Chai, 2021), only a few studies have involved the allocation of agricultural science and technology innovation resources in terms of quantity. Although studies have also been conducted on the relationship between the allocation of agricultural science and technology innovation resources and the coordinated development of industrial structure (Shen et al., 2017), relatively more people have only discussed this issue in part within the framework of ‘scientific and technological innovation empowering rural revitalization’. The paper analyzed that the optimization effect of industrial structure brought by the allocation function of scientific and technological innovation resources guarantees the promotion of the rural revitalization strategy in the research on the effective supply and docking of scientific and technological innovation promoting rural revitalization (Song and Liu, 2020). The paper believes that optimising the allocation of rural science and technology resources and strengthening the construction of rural science and technology software and hardware are important contents of the modernization of rural governance enabled by scientific and technological innovation (Cui, 2022). The analyses of these studies on the impact of agricultural science and technology innovation resource allocation on rural revitalization are relatively fragmented, rather than complete, independent and comprehensive studies. Hence, there is still room for improvement in the research depth.

Overall, the reference value of the existing research results in exploring the impact of the allocation of agricultural science and technology innovation resources on rural revitalization in China is relatively limited in terms of the number and depth of research. The reference of the current study to previous research is mainly reflected in the calculation of the efficiency of the allocation of agricultural science and technology innovation resources, whilst the other parts are significantly original. This study particularly analyses the spatial effect. The analysis of non-linear relationship and treatment of endogeneity have provided new and robust research findings. The development of this study has certain supplement and deepening significance to the research in this field.



2 Theoretical mechanisms and research hypotheses

Technological innovation is the endogenous driving force for economic growth (Romer, 1986), and agricultural science and technology innovation is the source of power for rural revitalization. At present, agricultural science and technology innovation resources are limited and scarce, only partially meeting development needs. Therefore, their rational allocation must be emphasized to maximize economic and social benefits.

The allocation of agricultural science and technology innovation resources occurs during specific agricultural science and technology activities. The goal is to maximize the use of these resources, enhance system operational efficiency, and obtain the maximum output with minimal input. This process ensures the effective distribution and coordination of various agricultural science and technology resources among different activity entities, regions, industries, activity stages, as well as among agricultural enterprises, higher education institutions, research units, and farmers, ultimately achieving effective transformation of agricultural outcomes (Yang, 2011). The purpose of optimizing the allocation of agricultural science and technology innovation resources is to achieve a better input–output ratio. During its Pareto improvement process, the optimized allocation allows agricultural science and technology innovation personnel, funding, and information resources to be utilized to the maximum extent, improving output efficiency. This enhances agricultural science and technology innovation capabilities, thereby providing stronger development momentum for agriculture and rural development.

From the perspective of agricultural science and technology innovation resource allocation output, improved efficiency raises output levels, bringing more and better knowledge innovation, technological innovation, and management innovation outputs. This advancement in agricultural science and technology innovation enhances the capacity to supply agricultural science and technology for rural revitalization, providing a higher-quality technological environment for agricultural and rural development. On one hand, it increases the quantity of technological supply, providing more technological products for agriculture and rural areas, enriching the technological choices available for rural revitalization entities. On the other hand, it improves the level of technological supply by upgrading and updating existing agricultural technological products. This provides rural revitalization entities with more advanced and convenient technological tools and methods, helping them solve various technical problems in production and life, driving rural revitalization toward a green and smart direction, and achieving high-quality development of agriculture and rural areas. Thirdly, the improvement of agricultural science and technology supply levels will, in turn, raise the quality of rural revitalization entities. By guiding them to actively choose and adapt to more advanced agricultural technological products, their knowledge and technical levels will gradually increase. This cultivates scientific thinking, broadens technological perspectives, and transforms production concepts, overall enhancing the scientific literacy of rural revitalization entities, thereby leading rural revitalization development. Fourthly, through the demonstration effect, the allocation of agricultural science and technology innovation resources will influence less developed areas to look up to and learn from more advanced regions, thereby driving the development of rural revitalization in less developed areas.

Therefore, this paper proposes the hypothesis that the allocation of agricultural science and technology innovation resources has a significant promoting effect on rural revitalization.



3 Materials and methods


3.1 Variable selection

The explanatory variable is rural revitalization. In this study, the rural development comprehensive index is used as proxy variable of rural revitalization. This index is an indicator system composed of 3 secondary and 17 tertiary indicators. On the basis of dimensionless standardization of the preceding indicators, the entropy method is used to determine the weights of indicators at all levels.

The core independent variable is the allocation efficiency of agricultural scientific and technological innovation resources. This study uses three-stage DEA to measure it. Input indicators used in the calculation process include the full-time equivalent of agricultural R&D personnel and internal expenditure of agricultural R&D funds; and output indicators include the number of patents granted, number of scientific and technological papers published and total output value of agriculture, forestry, animal husbandry and fishery. In the second stage of the SFA model analysis, environmental variables considered include openness to the outside world (expressed in total import and export volume/GDP), economic development level (expressed in per capita GDP), higher education level (expressed in the number of full-time teachers in ordinary colleges and universities), financial support (expressed in financial expenditure on science and technology/total financial expenditure) and Internet penetration rate (expressed by the number of Internet broadband access of households).

To accurately analyse the impact of the allocation of agricultural science and technology innovation resources on rural revitalization, the following control variables are considered in the equation: (1) level of financial support, measured by the percentage of fiscal expenditure on agriculture and total fiscal expenditure; (2) bank liquidity level, measured by the percentage of total loans to total deposits; (3) level of fixed asset investment, measured by the percentage of fixed asset investment in agriculture, forestry, animal husbandry and fishery to fixed asset investment; (4) level of foreign capital utilization, measured by the amount of foreign capital actually utilized and (5) education level of the region, measured by the per capita education years table. The meaning of variables is shown in Table 1.



TABLE 1 Equation variables.
[image: Table presenting variables related to rural development. It includes categories like dependent and core arguments, with details on industry development, rural environment, peasant life, and control variables. Examples include indicators like gross output value of agriculture, rural electricity consumption, fiscal expenditure, patents granted, and education levels.]



3.2 Model building


3.2.1 Reference equation

This study uses the robust least square method, generalized least square method, random panel model and fixed panel model to estimate the benchmark equation, which is presented as follows:

[image: Natural logarithm of y sub i equals alpha sub i plus beta sub i times natural logarithm of x sub i plus mu sub i. Equation one.]

where [image: The image contains a mathematical expression showing the variable "y" with a subscript "i".] represents the comprehensive index of rural development; [image: Mathematical notation showing lowercase "x" with a subscript "i".], independent variable; [image: Greek letter alpha with a subscript "i".], constant term; [image: Greek letter beta in lowercase with a subscript "i", commonly used in mathematical or scientific notation to represent coefficients or variables.], estimation coefficient of the independent variable and [image: Lowercase Greek letter mu, subscript i.], error term.



3.2.2 Robustness test

This study uses two methods for robustness analysis. Firstly, the spatial impact of agricultural science and technology innovation resource allocation on rural revitalization is investigated from the spatial measurement perspective. Secondly, the non-linear impact of the allocation of agricultural science and technology innovation resources on rural revitalization is investigated from the non-linearity perspective.


3.2.2.1 Spatial econometric model

This study constructs relevant models based on the spatial panel models proposed by Anselin (1988) and Elhorst (2003).


3.2.2.1.1 Spatial autocorrelation test

3.2.2.1.1 Spatial autocorrelation test. Moran’s I is used to conduct global spatial autocorrelation test to assess whether or not the variables have spatial dependence. The form of the constructed index is as follows:

[image: Formula labeled as equation 2 showing a mathematical expression for the index I. It consists of the sum of the product of weighted differences over a squared sum of weights.]

[image: Formula for sample variance \( S^2 = \frac{\sum_{i=1}^n (X_i - \bar{X})^2}{n} \), where \( \bar{X} = \frac{\sum_{i=1}^n X_i}{n} \).]

where [image: Please upload the image or provide a URL so I can generate the alternate text for you.] represents the spatial autocorrelation coefficient and value range is [−1,1]: [image: It seems there was an issue with the image upload. Please try uploading the image again, and I'll be happy to help with the alt text!] < 0 indicates a spatial negative correlation, [image: Please upload the image you want described, and I will create the alternate text for you.] > 0 indicates a spatial positive correlation and [image: Please upload the image or provide a URL so I can generate the alternate text for it.] = 0 indicates no spatial correlation; [image: Mathematical notation representing the variable \(X\) with a subscript \(i\).], observed value in area i; [image: The image shows the lowercase letter "j" as a subscript to the uppercase letter "X", forming the expression "X sub j".], observed value in area j; [image: It seems there is no image uploaded. Please try uploading the image again or provide a URL. You can also add a caption for additional context.], number of sample areas; [image: Stylized notation showing the letter "W" with subscripts "i" and "j" in a serif font.], spatial weight matrix; [image: Mathematical notation showing "s" with a superscript "2", indicating "s squared".], sample variance and [image: Symbol representing the mean of a set of values, denoted as an uppercase X with a horizontal line over it.], sample mean.



3.2.2.1.2 Spatial autocorrelation model (SAR)

3.2.2.1.2 Spatial autocorrelation model (SAR). The spatial autocorrelation (SAR) model reveals the spatial spillover and diffusion effect of the comprehensive index of rural development in the sample area. The specific model constructed by this research is as follows:

[image: Equation labeled (4) showing: ln y_it = α_it + ρW ln y_it + β_it ln x_it + ε_it.]

where [image: Mathematical expression of a lowercase italic "y" followed by the subscript "it".] represents the dependent variable; [image: Mathematical notation with the variable "X" subscripted by "it".], independent variable; [image: It looks like the image was not uploaded successfully. Please try uploading it again, and I can help generate the alternate text for you.], sample area; [image: There's no image displayed. Please upload the image or provide a URL to generate the alt text.], sample time; [image: Greek letter alpha with subscript "it".], individual effect and [image: The image shows a large, stylized letter "W" with an elegant serif font, resembling a printed or digital typeface.], n × n-order spatial weight matrix. This study uses the spatial weight matrix constructed by the geographical distance between cities in Anhui Province. Given that the geographical distance between cities is fixed for a long time and will not change owing to the influence of economic and social activities, this treatment can avoid the endogenous problem of the model to a certain extent. Meanwhile, [image: Mathematical expression showing \( W_{y_{it}} \).] represents the spatial autoregressive term of the dependent variable; [image: Please upload the image or provide a URL for me to generate the alternate text.], spatial autoregressive coefficient and [image: Greek letter epsilon with subscript "it," commonly used in mathematical equations to denote an error term or residual in a time series or panel data context.], vector of the random error term.



3.2.2.1.3 Spatial error model

3.2.2.1.3 Spatial error model. The spatial error model (SEM) reveals the impact of the observation value error of the comprehensive rural development index of the adjacent areas on the comprehensive rural development index of the local area. The specific model built in this research is as follows:

[image: Logarithmic equation model showing ln y sub it equals alpha sub it plus beta sub it times ln X sub it plus epsilon sub it, labeled as equation five.]

[image: Mathematical equation: \(\varepsilon_{it} = \lambda W \varepsilon_{it} + \mu_{it}\). Number six is enclosed in parentheses on the right side.]

[image: The equation \(\mu \sim N(0, \sigma^2 I)\) is shown, indicating that mu follows a normal distribution with a mean of zero and a covariance of sigma squared times the identity matrix. Equation number seven is indicated.]

where [image: Lowercase Greek letter lambda, written in a slanted script.] is the spatial error coefficient, and the meanings represented by the remaining parameters are the same as those in Equation 4.




3.2.2.2 Threshold regression

This study uses the threshold (PTR) model proposed by Hansen (1999) as basis in constructing a panel threshold model to further analyse the robustness of the benchmark equation. The PTR model uses threshold variables to group the observation values. When the value of threshold variables exceeds the critical value, the state of regression coefficient will change accordingly. In the estimation process, for the significance test of the threshold effect, the bootstrap method is used to obtain the progressive distribution and construct its p value thereafter. The maximum likelihood method is used for the authenticity test of the threshold estimate.

The following single threshold model is established with the allocation of agricultural science and technology innovation resources as threshold variable:

[image: Equation showing a segmented regression model. It includes: \( \ln y_i = \alpha_i + \beta_1 \ln x_1 (x_1 \leq \theta_1) + \beta_2 \ln x_1 (x_1 > \theta_1) + \beta_3 \ln x_{2i} + \mu_i \).]

where [image: Sorry, I cannot generate alternate text for this input. Please provide more context or upload an actual image.]is the threshold value. According to the test result of the threshold effect, if there are two threshold values, then a double threshold model should be buil:

[image: Logarithmic regression equation with dependent variable log y sub i and independent variables x sub 1 and x sub 2 i. Includes coefficients alpha sub i, beta sub 1, beta sub 2, beta sub 3, beta sub 4 i, and error term mu sub i. Constraints theta sub 1 and theta sub 2 applied to x sub 1. Equation labeled as number 9.]

When there are more threshold values, expansion processing can be performed according to Equations 8,9 to obtain the corresponding models.




3.2.3 Endogenous test

The endogenous problem is not considered in the estimation process of the benchmark equation, which leads to biased and inconsistent coefficient estimation of the benchmark equation. This study considers the endogenous problem in the benchmark equation and uses two methods to test the endogeneity of the benchmark equation. The first method introduces the dependent variable with a lag of one period into the benchmark equation, builds a dynamic panel model, and uses the generalized method of moments (GMM) proposed by Hansen (1982) for estimation. The second method uses the two-stage least squares method (IV-2SLS) of instrumental variables proposed by Basmann (1957) and Theil (1971) for estimation. The estimation results of the preceding two equations are mutually verified.


3.2.3.1 Generalized moment estimation

Generalized moment estimation (GMM) includes first difference GMM and system GMM. This study selects system GMM for analysis. The reason is that the differential GMM firstly eliminates the fixed effect in the original equation through the first-order difference. Nevertheless, there is still a sequence correlation between the lag dependent variable and error term. In the selection of instrumental variables, the lag level variable of explanatory variables is taken as the instrumental variable of differential variables. When this method is used in the economic growth equation, it can eliminate the disregarded individual effects, but it can also eliminate endogenous problems caused by independence. However, the problem of the difference GMM estimation is that it requires the lag level variable as a tool variable to substantially explain the difference variable. Moreover, the estimation coefficient may be biased when the sample size is small, leading to the problem of weak tool variable. System GMM estimation generates the effective estimation value by using information hidden in the initial conditions. Its basic principle is that whilst using the conventional method, the lag first-order difference of the variable is used as tool variable in the equation to increase the effectiveness of the tool variable. Compared with the difference GMM estimation, the estimation efficiency of the system GMM estimation is higher. The constructed equation is as follows:

[image: The equation shown is: ln yᵢ = αᵢ + β₁ᵢ ln Xᵢ + β₂ᵢ ln yᵢ(-1) + μᵢ, labeled as equation (10).]



3.2.3.2 Tool variable least square method (iv-2sls)

Apart from using system GMM for endogenous analysis, the instrumental variable least square method (iv-2sls) is also selected to further test endogeneity to overcome the endogenous problem of the model.

First stage regression:

[image: Equation showing a logarithmic model: ln x subscript i equals beta subscript 0 plus beta subscript 1i ln x subscript 2i plus beta subscript 2i ln z subscript i plus v subscript i, labeled as equation 11.]

where [image: The image displays the mathematical notation "Z subscript i," commonly used to denote an indexed variable or element in a sequence, often seen in mathematics or statistics.]represents the control variable and [image: It seems like there was an issue with the image upload. Could you please try uploading it again or provide additional context or a description of the image?]represents the random disturbance term.

Second stage regression:

[image: Logarithmic equation labeled as equation twelve: ln y sub i equals gamma sub zero plus gamma sub one times ln x hat one plus gamma sub two times ln x two sub i plus u sub i.]

where [image: Lowercase Greek letter mu, subscript i.]represents the random disturbance term and i represents the sample.





3.3 Data sources

Given the limited availability of relevant data, the sample period of this study is set as 2010–2020. The sample areas used are 16 prefectures and cities in Anhui Province. Data used in this study are from the Anhui Statistical Yearbook and China Urban Statistical Yearbook. For missing data in some years, the interpolation method is used to compensate, and the relevant data are price-reduced.




4 Results and discussion


4.1 Analysis of estimation results of benchmark equation

Estimation results of the benchmark equation (Table 2) show that the estimation coefficients of the core independent variable agricultural science and technology innovation resource allocation are positive in the robust least square method, generalized least square method, random panel model and fixed panel model, as well as pass the 1% significance test. This verifies the research hypothesis that a well-allocated level of agricultural science and technology innovation resources plays a positive role in promoting the comprehensive index of rural development.



TABLE 2 Estimate results of benchmark equation.
[image: Table comparing variable coefficients across four models: OLS, XTGS, FE, and RE. Variables lnx1 to ln6 show differing significance levels as indicated by asterisks. Constants and model fit metrics such as F, Wald, R-squared, and Hausman values are provided. Significance is marked at one, five, and ten percent levels.]



4.2 Robustness analysis

Robustness analysis results from spatial effects and non-linear relationships show that the estimated parameters of agricultural science and technology innovation resource allocation as core independent variable in the spatial econometric and PTR models remain positive. Through the 1% significance test, they are consistent with the estimated results of the benchmark equation, showing good robustness. The significant positive impact of agricultural science and technology innovation resource allocation on the comprehensive index of rural development remains valid.

In the analysis of the spatial econometric model, Moran’s index (Moran’s I) is used to analyse the spatial correlation degree of rural development comprehensive index in various regions of Anhui Province. Results of the spatial autocorrelation test (Table 3) show that all Moran’s indexes are positive and pass the significance test. Therefore, the original hypothesis is rejected, and the comprehensive index of rural development in various regions of Anhui Province has strong spatial autocorrelation (SAR). Its spatial distribution is not random but generally shows significant spatial correlation, with strong spatial dependence. The spatial metrology model can be used for further fitting.



TABLE 3 Moran’s I test of rural development composite index.
[image: Table displaying data from 2010 to 2020, showing columns for time, spatial autocorrelation, expectation value, standard deviation, normal statistics, and probability. The expectation value remains constant at negative 0.067. Spatial autocorrelation ranges from 0.032 to 0.077. Standard deviation varies from 0.048 to 0.051. Normal statistics range from 2.010 to 2.983. Probability varies from 0.003 to 0.044.]

According to the estimation results of the SAR model (Table 4), estimation results of the Hausman test indicate that the fixed effect model should be selected, and the spatial autocorrelation coefficients of the fixed and random effects model should be selected (ρ); all are positive. Moreover, the significance test shows that the comprehensive index of rural development in various regions of Anhui Province has a significant and positive spatial spillover effect. Additionally, rural development in this region will drive the improvement of the comprehensive index of rural development in adjacent regions.



TABLE 4 Estimation results of spatial and threshold models.
[image: Table comparing the results of different models: SAR (FE, RE), SEM (FE, RE), and PTR. Variables include lnx1 to lnx6, constant c, thresholds for lnx1, and model parameters ρ, λ, R², and F. Significance levels are marked with asterisks: *** for 1%, ** for 5%, * for 10%. Hausman test values are 11.17* for FE and -4.88 for RE.]

In the estimation results of SEM (Table 4), none of the spatial error coefficients of the fixed and random effect models (λ) passed the significance test. This result indicates that the spatial dependence of rural development in various regions of Anhui Province is not evident, which may be caused by the special regional environment of the province. The Huaihe River and Yangtze River divide Anhui Province into three regions: north of the Huaihe River, between the Yangtze River and Huaihe River and south of the Yangtze River. The three regions have significant differences in dialects and customs. Moreover, there are certain obstacles to the economic and social exchange between different regions.

Estimated coefficients of the agricultural science and technology innovation resource allocation variables in the four spatial econometric models are all positive and have passed the 1% significance test. This result shows that the improvement of the agricultural science and technology innovation resource allocation level can promote the development of local villages and spatial spillover of the comprehensive index of rural development. Thus, the spillover effect of the neighboring areas on the development of local villages is promoted.

In the analysis of the panel threshold model, the panel threshold regression equation is constructed with the allocation of agricultural science and technology innovation resources as explanatory and threshold variables. Moreover, the nonlinear relationship between the allocation of agricultural science and technology innovation resources and comprehensive index of rural development is investigated. The threshold effect test results (Table 5) show that the F-statistic values of the single and double thresholds pass the significance test of at least 5%. This result indicates a double threshold effect between the allocation of agricultural science and technology innovation resources and comprehensive index of rural development. Therefore, the double threshold effect model is selected for parameter estimation.



TABLE 5 Threshold effect test.
[image: Table comparing null and alternative hypotheses with F statistics, probability values, and thresholds for significance levels at 1%, 5%, and 10%. The linear model tested against a single threshold model shows F = 9.457 with P = 0.028. A single threshold model against a double threshold model shows F = 86.957 with P = 0.000. A double threshold model against a three-threshold model shows F = -33.986 with P = 0.818. Significance is marked with asterisks indicating levels at 1%, 5%, and 10%.]

Parameter estimation results of the panel threshold model (see Table 4) show that the nonlinear relationship between the allocation of agricultural science and technology innovation resources and comprehensive index of rural development is a piecewise function separated by the allocation efficiency of agricultural science and technology innovation resources. Estimation coefficients of the core independent variable agricultural science and technology innovation resource allocation in the three intervals divided by the two threshold values are all positive pass the 1% significance test. This outcome indicates that the nonlinear impact of agricultural science and technology innovation resource allocation on the rural development comprehensive index has a positive impact in different threshold intervals. Furthermore, the estimation coefficient of the threshold variable shows evident fluctuation in different threshold value intervals. When the allocation of agricultural science and technology innovation resources is in the second interval, its impact on the comprehensive index of rural development is greater than that in the first and third intervals. Overall, its impact on the comprehensive index of rural development shows an inverted U-shaped track characteristic with the change of the threshold interval. That is, when the allocation of agricultural science and technology innovation resources reaches a certain condition, its promotion effect on the comprehensive index of rural development is the best.



4.3 Endogenous analysis

The benchmark equation of this study has endogenous problems, and the causes of endogenous errors mainly come from three aspects. Firstly, there are simultaneous errors. That is, there is a two-way impact between rural development and the allocation of agricultural science and technology innovation resources. The allocation of agricultural science and technology innovation resources affects the level of rural development. Additionally, rural development will have a negative impact on the allocation of agricultural science and technology innovation resources. A causal relationship also exists between the two. Secondly, there is an error of missing variables. Although a certain number of control variables are considered in the equation, some variables are excluded in the equation because of the constraints of data availability and other reasons. Thirdly, there is a measurement error. This study uses the three-stage DEA method to calculate the efficiency of agricultural science and technology innovation resource allocation. Although this method is an improvement on the traditional DEA model and can relatively more truly calculate the efficiency level of each decision-making unit by eliminating the impact of environmental effects and random interference, there is still a certain degree of measurement error, resulting in a deviation from the actual value. Given the preceding reasons, an endogenous test on the benchmark equation should be conducted to obtain a consistent and asymptotically effective estimation result.

For the choice of tool variables, the efficiency of resource allocation of agricultural science and technology innovation and number of R&D institutions are selected as tool variables. Evidently, the number R&D institutions in various places will directly affect the allocation effect of agricultural science and technology innovation resources and rural revitalization thereafter. Moreover, the change in the number will not be affected by rural revitalization and development, so it has a strong exogenous nature.

Estimation results of sys-gmm and iv-2sls (Table 6) indicate no second-order autocorrelation problem in the estimation results of sys-gmm. The estimation results of iv-2sls passed the unidentifiable and weak instrumental variable tests. Moreover, there is no over-identification problem in both equations, indicating that the tool variables used are reasonable.



TABLE 6 SYS-GMM and IV-2SLS estimation results.
[image: Table comparing estimation coefficients and standard errors for SYS-GMM and IV-2SLS methods. Variables include Inx1 to Inx6, Lny, and c. Significant values are marked at one, five, and ten percent levels. Test statistics for AR1, AR2, Sargan, Hansen, LM, and Wald F are provided.]

Estimation coefficient of the core independent variable agricultural science and technology innovation resource allocation in sys-gmm and iv-2sls remains positive and passed the significance test of 1%, showing very good robustness. The result shows that after removing endogeneity, the impact of agricultural science and technology innovation resource allocation on rural revitalization is consistent with the benchmark equation. Moreover, improving the level of agricultural science and technology innovation resource allocation has a positive effect on rural revitalization. That is, the government should consciously use policy tools to optimize the allocation level of agricultural science and technology innovation resources. Additionally, the government should focus on improving the coupling between the allocation of agricultural scientific and technological innovation resources and rural revitalization through policy formulation.




5 Discussion

The allocation of agricultural technology innovation resources is related to the sustainable development of agriculture and rural areas and is an important support for China’s high-quality and comprehensive promotion of rural revitalization. From the current reality, does the allocation of agricultural technology innovation resources have an impact on rural revitalization? If there is an impact, is it linear or nonlinear? Is there spatial dependence and spatial spillover effects? Starting from these issues, this study takes Anhui Province, China as an example and verifies the above issues by constructing an econometric model.

Our research found that the allocation of agricultural technology innovation resources has a robust positive impact on rural revitalization, which is consistent with the findings of Koohafkan et al. (2012), Balsa-Barreiro et al. (2023), Jiang and He et al. (2024), Wang et al. (2024), and Wang and Wu et al. (2024). The reason why the allocation of agricultural technology innovation resources can have a positive promoting effect on rural revitalization is, on the one hand, that China attaches great importance to the promotion of rural revitalization, and has issued numerous support and protection policies, effectively promoting comprehensive rural revitalization; On the other hand, the improvement of agricultural technological innovation capability and the efficiency of transforming scientific and technological achievements into productivity (Li and Cheng, 2020) enable the allocation of agricultural technological innovation resources to provide stronger support for rural revitalization.

This study also found that improving the allocation of agricultural technology innovation resources can not only effectively promote the development of rural revitalization, but also promote spatial spillover of rural development, thereby contributing to the spillover effect of neighboring areas on local rural development. This is consistent with the research findings of Zhao and Guo (2024) and Yao and Zhang (2021). Furthermore, this study found a non-linear relationship between the allocation of agricultural science and technology innovation resources and rural revitalization. Only when the allocation of agricultural science and technology innovation resources meets certain conditions can its promotion effect on rural revitalization be optimal. This is consistent with the research findings of scholars such as Huang et al. (2023), Bian and Wei et al. (2023), Feng et al. (2023), and Wang and Ma et al. (2023). These research findings not only have practical significance for Anhui Province, but also have reference significance for other regions of China and other countries around the world. To further optimize the allocation of agricultural science and technology innovation resources and support the development of agriculture and rural areas, not only should geographical factors be considered in the impact of agricultural science and technology innovation resource allocation on rural revitalization and development, but also conscious guidance and adjustment should be made to achieve coordinated development between the two, in order to maximize the support of agricultural science and technology innovation resource allocation for rural revitalization.

There is room for expansion in the following three aspects of this study. Firstly, based on verifying the positive effect of agricultural technology innovation resource allocation on rural revitalization, further mechanism analysis can be conducted from the perspectives of human capital and urbanization; Secondly, using the spatial Durbin model to further investigate the spatial spillover effect of agricultural technology innovation resource allocation on rural revitalization; The third is to analyze the impact of agricultural technology innovation resource allocation on rural revitalization from the dynamic perspective of rural population migration.



6 Conclusion


6.1 Research conclusion

This study mainly investigates the impact of agricultural technology innovation resource allocation on rural revitalization. Taking Anhui Province as an example, based on theoretical analysis, the relationship between the two was empirically tested by constructing an econometric model, ultimately verifying the research hypothesis. The results indicate that the allocation of agricultural science and technology innovation resources has a steady positive impact on rural revitalization. Improvement of the allocation of agricultural science and technology innovation resources can effectively promote the development of rural revitalization and spatial spillover of rural development, thereby facilitating the promotion of the spillover of neighboring areas to the local rural development. A nonlinear relationship exists between the allocation of agricultural science and technology innovation resources and rural revitalization. The allocation of agricultural science and technology innovation resources can only promote rural revitalization significantly when it reaches a certain condition.



6.2 Research implications


6.2.1 Optimize the layout of agricultural science and technology research bases

The application and construction of national agricultural high-tech industrial demonstration zones, national agricultural science and technology parks and provincial agricultural science and technology parks should be strengthened. Moreover, the construction of various innovation carriers, such as comprehensive agricultural and forestry stations and agricultural technology popularization demonstration bases, must be accelerated. New agricultural science and technology extension service modes should be actively explored and developed. We will accelerate the construction of the factor market for agricultural scientific and technological innovation from the aspects of factors flow obstacles, factor price rigidity and factor price differentiation.



6.2.2 Strengthen the construction of scientific and technological innovation platforms

The construction of innovation platforms, such as the Hefei Comprehensive National Science Center, Hefei Binhu Science City and Hefei Wuhu Beng National Independent Innovation Demonstration Zone, must be further deepened. Additionally, their leading, radiating and driving roles must be maximized. On the one hand, the interaction of agricultural science and technology innovation resources amongst different regions should be promoted. On the other hand, various talent resources must be effectively attracted.



6.2.3 Strengthen the cultivation and introduction of agricultural science and technology innovation subjects

On the one hand, the level of support for agricultural scientific and technological innovation subjects should be continuously consolidated and improved, particularly by focusing on the support and guarantee system for knowledge innovation subjects (e.g., universities and scientific research institutes) and technological innovation subjects (e.g., enterprises) to ensure their continuous consolidation and improvement. On the other hand, we should strengthen the introduction of agricultural science and technology innovation subjects, actively search and introduce innovative subjects with cutting-edge innovation and bring new energy to agricultural science and technology innovation resources in Anhui Province.



6.2.4 Further deepen the industry university research cooperation mechanism

Rural revitalization entities and agricultural science and technology innovation entities (e.g., colleges and universities) must be encouraged to establish a long-term and stable industry university research cooperation mechanism. Additionally, the layout of research directions through industry university research cooperation projects must be further optimized. By focusing on key fields (e.g., biological seed industry, modern agricultural machinery and equipment and intelligent agriculture, deep processing of agricultural products and modern food and agricultural ecological environment protection), we will accelerate the co-construction of R&D platforms and achievement transformation platforms. Lastly, the construction of collaborative innovation systems at all levels must be accelerated.
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Introduction: Given the advantages of broiler products in quality, nutritional value, and environmental benefits, as well as their crucial role in China’s food security, this study focuses on strategies to enhance their consumption. A major constraint to consumption growth is the lack of consumer awareness. This study investigates how information delivery influences consumer perceptions, aiming to promote consumption growth and achieve sustainable development in the broiler industry.
Methods: A scenario experiment approach was used, recruiting 416 consumers across five provinces. Twelve messaging strategies were developed to evaluate their impact on consumer perceptions, considering both the source and type of information provided.
Results: The experiment revealed that both the credibility of the information source and the nature of the content significantly influenced consumer perceptions. Information from credible sources and positive content notably enhanced perceptions. Analytical information had a more substantial impact than conclusive information, while negative information adversely affected perceptions.
Discussion: The study recommends optimizing information dissemination strategies and using highly trusted platforms to deliver positive analytical information about broiler products. This approach aims to enhance consumer perceptions and stimulate consumption. The findings provide an empirical foundation for industry practitioners and policymakers to better understand consumer behavior and develop effective marketing and education strategies, supporting the sustainable development of the broiler industry and optimizing China’s meat consumption structure while ensuring food security.
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1 Introduction

Meat, as a crucial source of nutrition, holds profound symbolic and social significance across various cultures. With China’s flourishing economy and notable enhancements in production conditions, the nation has emerged as the world’s largest meat-consuming market (Zhou, 2021). Since the early 1990s, China’s meat consumption has steadily increased, nearing 100 million tons by 2021, representing 27% of the global total (OECD and FAO, 2023), thereby exerting a substantial impact on national food security, particularly feed security (Bai et al., 2014).

The global landscape of meat consumption has been experiencing significant shifts. Since 1961, the per capita consumption of poultry meat has surged from 12 to 40%, establishing itself as the predominant meat category (FAO, 2024). This transformation has been fueled by various factors such as price sensitivity, heightened health consciousness, evolving cultural and dietary patterns influenced by globalization, and the efficient supply chain of the poultry industry (Gallet, 2010; Leroy and Praet, 2015; Milford et al., 2019; Céline Bonnet, 2020). In China, while pork remains the primary meat choice, its consumption share has dropped from 62 to 53%, accompanied by a rise in beef, lamb, and poultry consumption. Notably, chicken represents a significant 71% of poultry meat intake, highlighting its importance in the diet (Ding and Cheng, 2021). The surge in chicken consumption can be attributed to several advantages: advancements in genetic breeding and farming techniques have led to a lower feed-to-meat ratio for white-feathered broilers, which is significantly lower than that of pigs and cows, resulting in conservation of food resources and decreased land reliance (Ozturk et al., 2012).

Furthermore, white-feathered broilers are rich in high-quality protein, contributing to improved national health (Cleveland Clinic, 2024), and their farming process is environmentally friendly with a low carbon footprint (Caro et al., 2017). In light of China’s limited land resources, it is crucial to increase the consumption of white-feathered broilers and promote the substitution of chicken meat for pork. Presently, China’s per capita chicken meat consumption is notably lower compared to major meat-consuming countries. In 2022, it was revealed that China’s per capita chicken meat consumption stands at 14.61 kg, significantly lower than the United States at 51 kg per person and Japan at 23 kg per person, a country with similar consumption patterns to China (Cnagri Database, 2023). This disparity not only underscores the growth potential of the Chinese market but also suggests opportunities to enhance meat consumption efficiency through altering consumption patterns. By encouraging the consumption of white-feathered broilers and shifting from pork to chicken to align with global averages, China could potentially conserve 50 million mu of land resources. Achieving consumption levels on par with the U.S. could result in saving up to 150 million mu of land. Such a transition would positively impact China’s food security, steer consumers towards a healthier and more environmentally friendly diet, promote sustainable resource utilization, and enhance national health.

Agricultural production in China faces challenges due to limited arable land, water resources, and ecological degradation. Scholars such as Zhang (2021), Wang (2023), and Gao and Song (2024) emphasize the importance of enhancing agricultural infrastructure through new varieties and technologies, as well as advancing mechanization and intelligence. As socioeconomic progress unfolds, dietary requirements have evolved, leading to new demands for food security. Han (2022) and Li (2022) stress the necessity of ensuring both quantity and nutritional quality in food security. Guided by the ‘big food concept’, China’s agri food system is transitioning towards a nutrition-centric growth phase (Chen and Xu, 2023). However, current research predominantly focuses on supply-side approaches, with limited exploration of demand-side dietary adjustments. Qiu et al. (2023) conducted a qualitative analysis, but more detailed strategies are required to influence consumer behavior in altering meat consumption patterns, optimizing diets, and conserving feed grain resources. This study addresses demand-side factors by utilizing experimental economics to raise awareness of the nutritional benefits of ‘high protein, low fat, low calorie, low cholesterol’ diets. By advocating for broiler consumption over red meat, it aims to tackle food security and public health issues in China, providing innovative insights for policy development.



2 Literature review

Current research extensively examines the effects of meat consumption on health and the environment. Numerous studies highlight the negative health outcomes associated with consuming red meat, which includes beef, veal, pork, and lamb (Bouvard et al., 2015; Domingo and Nadal, 2016). Despite being nutrient-rich, red meat consumption has been linked to an increased risk of various cancers, such as colorectal, lung, esophageal, and gastric cancers (Wolk, 2017). The International Agency for Research on Cancer categorizes processed meat as a Group 1 carcinogen and red meat as a Group 2A probable carcinogen (Bouvard et al., 2015). Specific compounds like Neu5Gc found in red meat may contribute to this cancer risk (Bardor et al., 2005).

Furthermore, saturated fats in red meat could hinder insulin secretion, potentially facilitating the development of colorectal cancer (Guo et al., 2015). The heme component in red meat can be metabolized in the gut to form harmful substances, which may promote the formation of carcinogens (Le Leu et al., 2015). While red meat provides essential nutrients, its potential health risks, including cancer and diabetes, highlight the importance of consuming it in moderation. In addition to health concerns, meat consumption also presents environmental and food security challenges by contributing to greenhouse gas emissions (Shafiullah et al., 2021) and global warming (Semba et al., 2020). The growing demand for meat leads to increased feed requirements, putting pressure on food resources and land availability (Tilman and Clark, 2014). To address these issues, experts suggest reducing red meat consumption and exploring alternatives like poultry or reassessing meat consumption patterns (Aiking and de Boer, 2020; Céline Bonnet, 2020; Damigou et al., 2023).

In the existing literature, scholars have extensively examined the various factors that impact consumer meat consumption patterns, with a particular focus on economic influences. Key economic factors include per capita income, urbanization rates, and meat product prices (Aziz et al., 2021b, 2021c). Research has revealed an interesting inverted ‘U’ relationship between meat consumption and income, as discussed by Bodirsky et al. (2015). In less developed regions, there is a notable increase in meat consumption with rising income levels, as noted by Schmidhuber and Shetty (2005). Additionally, there has been a noticeable shift among consumers from staple foods to vegetable oils, sugar, and animal-based products, as highlighted by Popkin (1993). Concerns about animal welfare and environmental sustainability in advanced economies have prompted some individuals to reduce their meat intake or explore alternative options, as discussed by Parlasca and Qaim (2022). Urban areas are characterized by better cold chain logistics, increased access to mass media, and higher levels of meat consumption outside the home (York and Gossard, 2004). Gallet (2010) pointed out a negative correlation between meat demand and prices, emphasizing low price elasticity. Fluctuations in the prices of grains, pork, and poultry have a significant impact on the demand for other livestock products. Moreover, demographic and socio-statistical factors also play a crucial role in shaping meat consumption habits. Studies have shown that women tend to consume less livestock meat than men.

In contrast, livestock and poultry meat consumption typically decrease with age and higher levels of education, as indicated by Pfeiler and Egloff (2018). Research also suggests that men, younger and middle-aged individuals, larger families, and those with lower levels of physical activity tend to consume more meat, as discussed by Koch et al. (2019). From a micro-level perspective, individuals’ food choices are influenced by a combination of physiological, psychological, and cognitive factors. Factors such as taste, freshness, appearance, ease of preparation, healthiness, and fat content play a significant role in consumers’ decisions when purchasing meat products at a reasonable price (Battagin et al., 2021; Hötzel and Vandresen, 2022). Moreover, in developing countries where women are marginalized, their food choices are also greatly influenced by their socio-economic and cultural factors (Aziz et al., 2020, 2021a, 2022).

The main drivers of individual consumption are challenging to alter directly through policy interventions. However, consumer attitudes can be influenced indirectly by adjusting preferences, habits, and perceptions. For instance, consumer values can be changed by addressing cognitive dissonance and allowing values and behaviors to coexist (Rothgerber and Rosenfeld, 2021). Scholars have employed various interventions and messaging styles to reduce meat consumption effectively. Bertolotti et al. (2020) experimentally demonstrated that message content and style significantly impacted participants’ attention and future meat consumption intentions, with dietary self-efficacy moderating this effect. Carfora et al. (2017) found that a text message intervention effectively reduced processed meat consumption, exploring the mediating roles of anticipated regret and intentions. Carfora et al. (2019) utilized a chatbot for daily messages, showing that emotional interventions had positive effects. Hughes et al. (2023) studied the effects of health, climate, and pandemic warning labels on meat consumer behavior, finding that image warning labels promoted healthier meat choices. Additionally, Wistar et al. (2022) and Vasiljevic et al. (2024) highlighted the significant impact of message framing, presentation, and content on consumer behavior and attitudes. These studies lay the foundation for developing effective consumption intervention strategies.

Moreover, previous research also highlighted the adverse effects of meat consumption on the environment and human health, suggesting a shift towards artificial meat alternatives or a reduction in meat intake. However, current studies overlook the potential for rapid changes in consumer behavior towards meat consumption and the general resistance towards artificial meat products. The long-term implications of widespread artificial meat consumption also remain unclear. Conversely, poultry products, particularly chicken meat, offer various advantages such as low fat, low energy, low cholesterol, and high protein content. The broiler industry in China has made significant strides in intensification, industrialization, scale, and standardization to meet consumer needs. From the perspectives of food security, nutrition, and environmental sustainability, broiler products present a viable option to lessen red meat consumption. Despite these benefits, limited consumer awareness about the broiler industry and its products hampers consumption growth. This study aims to use information economics and experimental economics to explore the impact of different strategies for disseminating information on consumer awareness of broiler products. The objective is to improve consumer understanding and consumption of chicken products, optimize meat consumption patterns in China by replacing red meat with white meat, and enhance China’s food security.

The remaining part of the paper is structured into several sections. Section 3 covers theoretical analysis and research hypotheses. Section 4 discusses the methodology. Section 5 focuses on the empirical result. Section 6 presents the discussion. Finally, Section 7 concludes with the paper’s overall implications.



3 Conceptual framework and hypotheses development


3.1 Information sources and consumer perceptions of broiler products

The rise of mass media has led to the transformation of modern society into a mediatized society (Hjarvard, 2008). Through this process, media continuously infiltrate and shape interpersonal relationships as well as the relationship between individuals and society, further intensifying the level of mediatization (Livingstone, 2009). Among the plethora of multimedia technology platforms, social media stands out for its significant impact on people’s daily lives by offering diverse and immediate information. Consumers can access information about desired products from various sources, such as search engines, government websites, and online forums (Jansen and Spink, 2006). Different types of information sources vary in credibility, and consumers perceive information differently based on professionalism and authority (Wu et al., 2022). Official information from government websites is generally considered the most trustworthy and reputable (Sun et al., 2019). Government and official organizations are seen as having high authority and credibility online, leading to a strong level of trust from the public (Metzger and Flanagin, 2013). The potential for severe consequences if false information is published motivates governments to prioritize honesty in their communications, further enhancing consumer trust. According to previous studies (Fogg et al., 2001), specific websites in virtual social environments tend only to showcase positive news about their products while neglecting any drawbacks. Moreover, information providers who remain anonymous are often viewed as lacking objectivity and expertise (Sun et al., 2019), resulting in lower credibility and decreased consumer trust. Consequently, the perception of broiler products may vary depending on the source of information. This study categorizes information sources into government gazettes and internet news and investigates their impact on consumer perceptions of chicken products. The hypotheses put forth in this study are as follows:

 H1: The authority of various information sources varies, leading to differences in consumer trust. Consumers tend to place more trust in CCTV news channels than in WeChat self-media. The delivery of information through the CCTV news channel has a more significant impact on consumers' cognitive change regarding broiler products.





3.2 Types of information conditions and consumer broiler product perceptions

Information goes through four stages: recognizing, finding sources, evaluating, and interpreting to shape consumer cognition (Savolainen, 2006). The interpretation stage is crucial as consumers analyze and manipulate various information types through cognitive processes to comprehend them. Upon acceptance and understanding, consumers merge this new information with existing knowledge to develop a comprehensive perception of the product, influencing their purchase decisions (Hawkins, 2003). The presentation of information significantly impacts its quality and how well consumers understand it (Dai and Gong, 2024). Different ways of presenting information affect readability, ease of comprehension, and accuracy, influencing the cognitive effort required by consumers (Goolkasian and Foos, 2002). When information is presented clearly and understandably, consumers are more likely to process it effectively and absorb the message. For instance, presenting conclusive information (direct conclusions or results) as opposed to analytical information (data, evidence, and analysis) can have varying effects on consumers’ decision-making processes and information-processing efficiency (Kelton et al., 2010). Consumers may question conclusive information about broiler products if they lack supporting evidence, leading to ambivalent attitudes.

In contrast, analytical information that includes data, evidence, and analysis can enhance persuasion and increase consumers’ confidence, ultimately improving their perception of broiler products. This study examines how different types of information expression (conclusive vs. analytical) impact information quality and influence consumers’ attitudes and decision-making regarding broiler products. In addition, Consumer perceptions are influenced by both positive and negative biases in information (Tran and Paparoidamis, 2021). Due to loss aversion and sensitivity to uncertainty, consumers are more attentive to negative information. When communicating broiler product information, solely positive information can improve consumer perceptions. Still, the inclusion of negative information leads consumers to focus more on the negative aspects, diminishing the positive impact of positive information. This phenomenon allows the ‘negativity effect’ of negative information to take precedence. Thus, this study puts forward the hypothesis:


H2a: Consumers are able to obtain more effective information from analytical information as it provides explanations for decisions and conclusions in the delivery process. Their perceptions of broiler products change more when exposed to analytical information compared to conclusive information.

H2b: The level of consumers' cognition of white feather broilers will be enhanced when the transmitted information is positive, while it will be constrained if the information is negative. Negative information has a more significant impact on changing consumers' perceptions of broiler products.
 



3.3 Initial consumer attitudes and consumer broiler product perceptions

Consumer behavioral science highlights the importance of considering consumers’ initial attitudes and factual beliefs about a product when assessing the impact of different information on consumer reception. Studies by Ahteensuu (2012) and Vainio et al. (2018) underscore the significant influence of these initial attitudes on the effectiveness of information communication. For instance, individuals with a favorable attitude towards a product are more receptive to new information, demonstrating a willingness to comprehend and positively process it. Recently, a study by Aziz et al. (2024) revealed that people’s attitude plays an important role in adopting advanced technology. Likewise, in the context of red meat consumption, the attitude of regular consumers makes them perceive it as nutritious, essential, and ethical (Piazza et al., 2015). Food choices are closely tied to individuals’ positive beliefs about specific foods (Abrahamse, 2020). When individuals believe that chicken is a healthy option, they are more likely to engage in detailed information analysis, leading to a comprehensive understanding of chicken product benefits. Conversely, misconceptions such as associating chicken with rapid growth or hormones may result in a skewed interpretation of information, leading to misunderstandings. Moreover, when consumers are presented with information that conflicts with their initial attitudes, interpretive bias may cause them to avoid contradictory information. Consumers who hold positive beliefs about broiler products may disregard negative reports, while those with negative beliefs may overlook positive reports, impeding an accurate perception of chicken products.


H3: When consumers receive information, their initial attitude towards broiler products influences how they understand and interpret the information, resulting in varying levels of cognitive change. Consumers with positive initial attitudes tend to process the information more effectively, leading to a more significant change in their level of cognition under the same informationconditions.
 

The overall research framework regarding the impact of information delivery on consumer perceptions of broiler products is shown in Figure 1.

[image: Flowchart illustrating the influence of information sources and types on consumer perception of broiler products. Sources include WeChat, China Food Safety News, and CCTV News Channel. Different types of information, such as positive, analytical, or negative, interact with initial attitudes to form the consumer perception, leading to either increased or decreased perception.]

FIGURE 1
 The research model of the interaction of information source subject, initial attitude, and information condition type.





4 Methodology


4.1 Variables selection


4.1.1 Consumer broiler product cognition

Consumer broiler product cognition involves consumers’ subjective psychological willingness and encompasses their subjective judgments, value evaluations, and objective quality attributes of the product. This study extends previous research on broilers by utilizing a multidimensional scale adapted from existing literature and tailored to this investigation. The three-dimensional consumer broiler product perception scale includes dimensions such as sensory and nutritional value perception, chemical residue and disease perception, and market regulation perception, with a total of 23 question items. A five-level Likert scale was used in the questionnaire to assess consumers’ perceptions of broiler products. Respondents rated each item based on their objective perceptions and assigned scores from 1 to 5. The dependent variable in this study is the change in consumer perception, calculated as the difference between post-experimental and pre-test consumer perception values.



4.1.2 Information sources

This study evaluates the public’s perception of professionalism, authority, and trust in various information sources. WeChat Public Self-Media, China Food Safety Newspaper, and CCTV News Channel are identified as the most trusted sources of information. The research aims to analyze how consumers’ trust in these critical sources influences their perceptions.



4.1.3 Types of message conditions

According to Herr et al. (1991), the study analyzed the impact of message characteristics on consumer attitudes in interpersonal information dissemination. The findings revealed that vividly described and detailed messages have a more significant influence on consumer attitudes compared to lightly or generically described messages. Furthermore, the study highlighted that the positive and negative directions of messages affect consumer perceptions in distinct ways. The information condition types are classified into four categories: entirely positive analytical information, completely positive concluding information, both positive and negative analytical information, and both positive and negative concluding information.



4.1.4 Consumer initial attitude

This study categorizes consumer attitudes into positive and negative attitudes based on their perception scores. A total of 23 question items were used to measure consumer perception, with a scoring system where a total score exceeding 69 points indicates a positive attitude towards broiler products. In contrast, a score below 69 indicates a negative attitude.



4.1.5 Control variables

Consumer demand for information can significantly impact the processing and interpretation of information when consumers are exposed to it. This paper incorporates consumer demand for information regarding nutritional value, chemical residues, and epidemics into the empirical study model. Additionally, to account for the influence of consumers’ characteristics, gender, age, and education level are included as control variables in the regression model. The variables are defined in the Table 1 below.



TABLE 1 Variable definition and assignment.
[image: A table displays variables with assignments and descriptions. The dependent variable is "Changes in consumer perception," a continuous score. Independent variables include information sources like WeChat or CCTV News Channel, with binary values for "Other sources." Types of information are classified with binary and interactive values. Control variables include gender, age, education, and concerns about nutritional information and chemical residues, with corresponding value scales.]




4.2 Experimental design

This study explores the impact of various information delivery methods on consumer perceptions of broiler products, taking into account varying initial attitudes. The factors considered include the source of information (microblogging public media, government gazette, and CCTV news channel) and the type of information provided (entirely positive analytical, completely positive conclusive, both positive and negative analytical, and both positive and negative conclusive). A 3 × 2 × 2 factorial experimental design was employed, combining different content scenarios for broiler products sourced from China Food Safety News and CCTV News Channel, as well as WeChat Self-Media. The study investigated 12 different combinations of messaging strategies, detailed in Appendix 1. The experimental procedure involved administering a front-side questionnaire to assess the subjects’ initial attitudes. Following this, 12 groups of experimental information were randomly distributed to the subjects, who read the content based on their reading habits for approximately 10 min (the duration of which was undisclosed to the subjects). Subsequently, the experimenter provided a formal experimental questionnaire. Upon completion of the questionnaire, the experimenter ensured its accuracy and then offered the payoff, concluding the experimental process. Consumer selection was conducted using a completely randomized method to identify individuals exposed to each messaging strategy. To maintain sample randomness, strict regulations were imposed during the selection of consumers, such as ensuring they were not related to each other and representing diverse demographics in terms of age, education levels, and gender within each information group.



4.3 Data sources

The research initially conducted a pilot survey. Subsequently, detailed interviews with participants were conducted to optimize and enhance the number of measurements, questioning techniques, and language used in the scale. The KMO value in the questionnaire was calculated to be 0.745, with a significance level of 0.000, indicating strong validity. After refining the questionnaire, data was collected on-site in various locations across five provinces and cities, including Jiangsu, Zhejiang, Shandong, Heilongjiang, and Jiangxi, with a total of 416 questionnaires collected for analysis. Table 2 shows the even distribution of the 12 groups of information strategies in the randomized experiment to ensure representative samples. Prior to data analysis, a reliability and validity test was conducted. For reliability assessment, Cronbach’s alpha coefficient was used to measure internal consistency, yielding a value of 0.765, indicating high reliability. Regarding validity, established scales were adapted and modified to fit the research context, demonstrating a certain level of validity.



TABLE 2 Distribution of types of valid questionnaires recovered.
[image: Table comparing types of information from three sources. WeChat official account has 34 positive and analytical, 35 positive and conclusion, 34 positive, negative, and analytical, and 34 positive negative and conclusion. CCTV News Channel shows 36, 36, 35, and 36 copies respectively. China Food Safety News displays 34, 34, 33, and 35 copies respectively. Data source: Research Data Collation.]



4.4 Model selection

The experimental procedure involved administering a front-side questionnaire to the subjects to assess their initial understanding. Based on previous research hypotheses and empirical experience, a model was established to test the influence of consumer messaging on consumer cognition levels.

[image: Equation showing a regression model: Perception sub i equals alpha sub 1 plus beta sub 1 times Source plus gamma sub 1 times Type plus mu sub 1 times Attitude plus lambda sub 1 times X plus epsilon sub 1.]

In Eq. (1), Perception1 represents the change in the consumer’s cognitive level. Source refers to the subject of the information source, Type indicates the type of information condition, Attitude reflects the consumer’s initial attitude, and the control variables X include the consumer’s characteristics, demand for information on nutritional value, and demand for information on chemical residues and epidemics. The constant term is denoted by α1, while β1, γ1, μ1, and λ1 represent the parameters to be estimated for the main explanatory variables and control variables. The random error term is denoted by ε1.

In order to investigate the moderating role of information source and consumer attitude on the effect of information condition type on consumer cognition, this study includes the interaction terms of information source and initial attitude in the model of consumer cognition determinants.

[image: The equation depicts a model where Perception subscript 2 equals alpha 2 plus beta 2 times Source plus gamma 2 times Type plus mu 2 times Attitude, plus phi 2 times Source multiplied by Type, plus phi 2 times Type multiplied by Attitude, lambda 2X, plus epsilon 2. It is identified as equation 2.]

In Eq. (2), Perception2 represents the change in the consumer’s cognitive level. Source refers to the subject of the information source, Type indicates the type of information condition, and Attitude reflects the consumer’s initial attitude. The term Source×Type signifies the interaction between the subject of the information source and the type of information condition. At the same time, Type×Attitude represents the interaction between the type of information condition and the consumer’s initial attitude. The control variables X include consumers’ personal characteristics, their demand for information on nutritional value, and their demand for information on chemical residues and epidemics. The constant term α2, along with the parameters to be estimated β2, γ2, μ2, and λ2, are associated with the main explanatory variables and control variables. The error term ε1 is a random error. Given that the consumer’s cognitive change is a continuous variable represented by a score, Ordinary Least Squares (OLS) are selected for estimation in the empirical analysis.




5 Results and discussions


5.1 Descriptive statistics


5.1.1 Survey sample characteristics

By analyzing questionnaires and variables from previous research conducted both domestically and internationally, this study found that there was a balanced gender distribution among consumers, with males representing 44.23% and females representing 55.77% of the total sample. The sample selection process favored consumers over the age of 20 due to their more substantial purchasing power, resulting in a fairly even distribution across age groups. The age group of 20–30 accounted for the highest percentage at 31.49%, followed by the 30–40 age group at 28.10% and those over 40 at 19.05%. The majority of respondents had a college education or higher, representing 51.68% of the total sample. When considering household income, the sample was diversified across income brackets, with the 8,000-13,000-yuan bracket being the largest at 27.95% (Table 3).



TABLE 3 Survey sample population distribution.
[image: Table displaying demographic data. Gender: Male 184 (44.23%), Female 232 (55.77%). Age: 20–30, 130 (31.49%); 30–40, 117 (28.10%); 40–50, 89 (21.36%); Above 50, 80 (19.05%). Education: Junior high school and below, 114 (27.4%); High School, 87 (20.91%); College and above, 215 (51.68%). Income: 3,000 RMB and below, 15 (3.61%); 3,000–8,000 RMB, 90 (21.69%); 8,000–13,000 RMB, 116 (27.95%); 13,000–18,000 RMB, 77 (18.55%); 18,000–23,000 RMB, 58 (13.73%); Above 23,000 RMB, 60 (14.46%). Data Source: Research Data Collation.]



5.1.2 Consumers’ initial perception of broiler products

By analyzing data from 23 entries on consumers’ perception of broiler products, this study identified three key dimensions: sensory and value perception, chemical residues and epidemics perception, and market regulation perception. The results, highlighted in Table 4 due to space constraints, reveal that consumers have a moderate level of sensory and nutritional value cognition regarding broiler products. While some beliefs, such as ‘eating chicken every day is good for nutritional health’ and ‘chicken is a high-quality protein source’ are prevalent, other perceptions fluctuate around a mean score of 3. This indicates that overall, consumers’ perception of the sensory and nutritional value of broiler products is not particularly strong. Furthermore, consumers’ uncertainty regarding chemical residues, influenced by information asymmetry and loss aversion, may lead to incorrect judgments on this topic. The survey results on consumer perceptions of chemical residues and epidemics in broiler products revealed that a majority of respondents expressed concerns about the presence of chemical residues in chicken, such as oxytetracycline and tetracycline, and its potential impact on health. The average score for this concern was 2.89, with over 73% of consumers expressing intense worries. On the topic of ‘hormone chicken,’ consumer knowledge showed significant improvement, with an average score of 3.8. A majority (75.52%) of consumers disagreed with the concept of ‘hormone chicken,’ attributing this shift to industry and government efforts in addressing the issue over the past 2 years. This increased awareness has led to a moderate to high level of consumer consciousness regarding poultry diseases.



TABLE 4 Perception results of selected consumers of broiler products.
[image: Data table showing consumer perceptions of broiler products, categorized by nutritional value, chemical residues, and market supervision. Scores range from 1 to 5, alongside average and standard deviation. Key points include high agreement on chicken as a good protein source and concerns about chemical residues impacting health. Data source: Research Data Collation.]

Regarding concerns about purchasing chicken products affected by poultry diseases, 29.57% of consumers reported no worries, while 50.24% expressed minimal concern. Consumers displayed a slightly higher awareness of the handling of diseased and dead chickens and the sampling of broiler products compared to chemical residues. Furthermore, consumers’ perceptions of market regulations influenced their purchasing decisions. In examining consumers’ perceptions of market regulation of broiler products, it was found that overall, consumers have a positive view of market regulation. While there was a slight concern regarding the timeliness of knowing regulatory actions (mean score of 2.87), all other aspects scored above 3, indicating a strong confidence in market regulation.



5.1.3 Comparison of changes in consumers’ cognition of broiler products under different information transmission strategies

Different messaging strategies have varying impacts on consumer understanding of broiler products. Analyzing Table 5, it is evident that positive analytical information has the most substantial influence on consumer cognition. The addition of negative information weakens this effect, with conclusion-type information having a lesser impact. Interestingly, conclusion-based information shows a more pronounced decrease in consumer cognitive level when negative information is added. In contrast, CCTV news has a significantly different effect on consumer cognition compared to other sources. Consumers show the greatest response to CCTV news, resulting in the most significant change in product cognition. The impact of WeChat public number self-media and China Food Safety Newspaper on cognition, however, is less distinct.



TABLE 5 Consumer cognitive changes under different information transmission strategies.
[image: Table displaying statistical data with columns labeled αI to αIV. Each column details the mean and standard deviation for three types of information: β, βI to βIV, and γ, γI to γIV. Data Source: Survey Data Statistics.]




5.2 Empirical analysis of information transmission on consumers’ cognition of broiler products

Stata 15.0 was utilized to estimate the econometric model presented in Table 6. Model II differs from Model I by incorporating interaction terms of information source and initial attitude on the type of information condition after standardizing the variables. Both models exhibit an overall fit R2 exceeding 70% and a significant test p-value of 0.0001. This suggests that the hypothesis of coefficients being zero is rejected, indicating a statistically significant effect of at least one set of variables on the explanatory variables. Furthermore, the p-value for the parallel lines hypothesis test in Model II is 0.068, signifying that the independent variables adhere to the parallel lines hypothesis and their regression coefficients can be deemed consistent, thereby supporting the use of an ordered Logit regression.



TABLE 6 Empirical analysis of the impact of information delivery strategies on consumer perception of broiler products.
[image: Table comparing two models for various variables. Model I shows significant coefficients for CCTV News Channel (3.06**), Positive and Analytical Information (7.05***), Positive and Conclusion Information (4.76***), and others. Model II shows significant coefficients for Consumer Initial Attitude (5.50***), and Positive, Negative, and Analytical Information (2.94**). Significance is noted at 10% (*), 5% (**), and 1% (***) levels. R-squared values are 0.1680 for Model I and 0.1878 for Model II.]

Different sources of information have a significant impact on consumer perception of broiler products. According to Model I, CCTV news positively influences consumer perceptions by 3 points at a 5% significance level. This finding builds upon previous studies (Ismagilova et al., 2020; Chang et al., 2021) and aligns with social identity theory (Tajfel, 1986). CCTV, being a national media outlet, is seen as authoritative and credible, thus boosting the acceptance and influence of the information it provides. On the other hand, WeChat information does not notably improve consumer perceptions, possibly due to consumer skepticism stemming from the multitude of sources on social media and the absence of third-party verification. Moreover, in a saturated information environment, it is challenging to capture attention with information from a single channel. This underscores the importance of considering information credibility and dissemination strategies when using social media to communicate about broiler products. It is important to highlight that WeChat has a negative impact on consumer perceptions, indicating a potential shift towards negative cognitive responses to untrustworthy sources. This observation is in line with previous research (Fogg et al., 2001) suggesting that some websites in virtual social environments may focus solely on positive aspects while neglecting drawbacks. Additionally, studies (Sun et al., 2019) have pointed out that the anonymity of information providers can diminish trustworthiness. Consequently, consumers exhibit less trust and more skepticism towards information shared on WeChat. In summary, the source of information plays a crucial role in shaping consumer perceptions of broiler products. Hypothesis 1 of this study is verified that the authority and credibility of information sources significantly affect consumers’ cognitive level.

Further, the study findings reveal that the presentation of information significantly impacts consumers’ perception of broiler products. Specifically, Model I results demonstrate that fully positive analytical information has a coefficient of influence of 7.05 at a 5% level of significance, while concluding information has a coefficient of influence of 4.76 at a 10% level of significance. This supports hypothesis H2a, indicating that analytical information is more effective than conclusion-based information in altering consumer perceptions. This aligns with Tajfel’s (1986) Elaboration Likelihood Model (ELM) theory, emphasizing deep information processing for cognitive change. Moreover, our findings are in line with van der Meer and Jin’s (2020) study, suggesting that consumers tend to process information through the central pathway when facing content that requires deep processing. Additionally, our study validates Hypothesis H2b, showing that exclusively positive information is more impactful in improving consumer perceptions, while the inclusion of negative information may hinder this improvement. This preference for positive information could be linked to human inclination and emotional responses, as described by Jacks and Cameron (2003), aligning with personal expectations and evoking positive emotions. On the other hand, negative information might trigger a defensive reaction, limiting information processing, a phenomenon known as the ‘rebuttal effect’ in psychology. The impact of the message’s positivity and the depth of analysis are significant factors influencing consumer perception. It is important to note that the introduction of negative information may potentially undermine this impact, highlighting the need for a balanced consideration of both positive and negative biases in message delivery. Dai and Gong (2024) emphasize the importance of clarity and accuracy in message presentation for consumers to fully grasp the content, aligning with our own research indicating that easily comprehensible messages can enhance consumer perceptions.

Furthermore, consumers’ initial attitude towards broiler products significantly influences their cognitive change process. Model I analysis revealed that positive initial attitudes had a noteworthy impact on cognitive change, with a 10% significance level. Specifically, consumers with a positive attitude towards broiler products before receiving information exhibited cognitive change scores that were 1.43 points higher compared to those with a negative attitude post-information processing. This finding aligns with Hypothesis H3 and is consistent with previous studies by Vainio et al. (2018) and Ahteensuu (2012), suggesting individuals strive to maintain consistency among their beliefs, attitudes, and behaviors. The positive influence of initial attitudes underscores the importance of incorporating existing consumer attitudes into information communication strategies. When consumers hold favorable attitudes towards a product, they are more inclined to engage with new information in a positive manner (Piazza et al., 2015). In the case of broiler products, consumers with positive beliefs are more likely to embrace positive information while potentially disregarding or questioning negative information, as evidenced by studies by Abrahamse (2020) and Berndsen and van der Pligt (2004). However, if consumers harbor misconceptions, such as viewing chicken as a fast-growing or hormone-laden product, this may reinforce their biases and misconceptions when processing positive messages about chicken. Therefore, this study suggests that communication strategies should be tailored to align with consumers’ initial attitudes, providing adequate evidence and explanations to mitigate cognitive biases and enhance message acceptance.

Additionally, the results found that the initial attitude and type of information condition significantly influenced consumer cognitive change. Specifically, complete positive analytical information was most effective in promoting cognitive enhancement when consumers had a positive attitude. Model II revealed that the interaction between the source of information and the type of information condition was not significant. Still, the interaction between initial attitude and type of information condition had a negative impact on consumer cognitive change. This suggests that consumers tend to engage in more thorough information processing when they start with a positive attitude. However, when presented with conclusion-based or negative content, consumers may focus more on negative aspects, leading to limited cognitive enhancement. Notably, fully positive analytical information was most beneficial for cognitive enhancement under positive initial attitudes, but changes in the type of information condition weakened this effect. While the impact of CCTV news as a source of information remained relatively consistent, variations in the type of information condition significantly influenced consumer perceptions. Complete positive analytical information resulted in a cognitive change improvement of 5.89 points at a 5% significance level. In comparison, complete positive conclusion information and analytical information with positive and negative content improved cognitive change by 3.64 and 2.94 points, respectively. Furthermore, the inclusion of the interaction term underscored the influence of consumers’ initial attitudes on cognitive change, showing that positive attitudes led to a cognitive change of 5.50 points.




6 Conclusion and policy implications

The study’s findings have significant implications for how messaging strategies can improve consumer perceptions of broiler products. Specifically, it highlights the importance of considering the information source, initial consumer attitudes, and the type of information when designing messages. To enhance effectiveness, marketing strategies should focus on delivering comprehensive, positive, and analytical messages, especially to consumers with existing positive attitudes. Careful handling of messages that could evoke negative associations is also crucial to avoid negating positive effects. The study offers valuable guidance for marketing and public relations in the broiler industry, emphasizing the need to consider consumer psychology and attitudes in message development. Understanding how consumers process information can help the sector tailor messaging strategies to increase consumer awareness, promote positive attitudes, and drive desired behaviors.

To effectively guide consumer perception of poultry products and encourage rational consumption, it is recommended to enhance the credibility of information sources by encouraging government and industry associations to publish transparent information about food safety and product quality regularly. This will help boost consumer trust. Additionally, focuses on disseminating positive and analytical information to assist consumers in making informed decisions. Cultivating a positive attitude among consumers through education and promotional activities can help counteract the impact of negative information. Developing detailed and customized information dissemination strategies based on consumers’ initial attitudes and preferences is also crucial. Strengthening consumer education to improve their ability to identify and process information effectively is important. Lastly, regulating the spread of negative information can prevent the dissemination of false information and protect consumers from being misled. Implementing these strategies can better protect consumer rights, maintain market order, and promote a healthy consumption environment.

This study has identified several limitations that should be considered in future research. Firstly, while the focus was on the impact of information sources and presentation on consumer perceptions of broiler products in relation to health, food safety, and industry development, it is important to note that other factors, such as environmental sustainability (Wistar et al., 2022), animal welfare, and product attributes (Hötzel and Vandresen, 2022), that could also impact meat consumption motivation. Future studies should explore these additional factors for a more comprehensive understanding. Secondly, the study only delved into the influence of messaging on consumer perceptions without fully considering various consumption scenarios, types of broiler products, and regional consumption patterns. Given the potential differences in information processing across different contexts and habits, future research should thoroughly analyze these aspects. Lastly, another potential direction for future research is to delve deeper into the mechanisms of information interventions. This could involve exploring how different types of information, such as text, images, and videos, influence consumer perceptions. Additionally, researchers could investigate how combining other interventions, like robotics or multimedia presentations, could enhance the effectiveness of information delivery. It is important also to consider the impact of the length of the post-test interval on the accuracy of experimental data to minimize bias and ensure the experiment’s robustness.
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Food waste due to consumer rejection of aesthetically imperfect produce poses significant challenges to food security and environmental sustainability. We construct a matching model between the marketing message framing of ugly produce and the controllability attributions of ugly appearance to drive consumers’ purchase intentions. Through theoretical deduction and randomized scenario experiments, we validate this model by demonstrating that consumers’ purchase intentions increase when the gain-framed (vs. loss-framed) messages for marketing ugly produce match with the high-level (vs. low-level) controllability attributions of ugly appearance. In addition, we introduce the concept of consumers’ perceived information processing fluency as a mediator in this relationship. The findings provide actionable insights for produce retailers, suggesting that effective and cost-efficient marketing strategies could reduce food waste and its associated environmental impacts by driving consumers’ purchasing intentions to ugly produce, contributing to the achievement of Sustainable Development Goal 2 (SDG 2) and promoting sustainable food systems.
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1 Introduction

The issue of food waste has increasingly captured public and academic attention due to its implications for society and the environment (Aka and Buyukdag, 2021). Annually, over 1.3 billion tons of food go to waste within the supply chain (Amicarelli et al., 2020). A significant factor contributing to this waste is consumer bias against the appearance of agricultural products, leading to a large amount of avoidable waste and environmental strain (Giménez et al., 2021; Grewal et al., 2019; Loebnitz and Grunert, 2018). This bias has prompted retailers to prioritize aesthetically pleasing produce, inadvertently escalating the waste of unappealing items (Loebnitz et al., 2015). The disposal of ugly produce not only wastes resources but also aggravates environmental issues like soil degradation and greenhouse gas emissions (Lagerkvist et al., 2023). Moreover, reducing food waste can be seen as an effective means to enhance global food security (Liao et al., 2022). Therefore, addressing this issue through effective marketing strategies to alter consumer perceptions and behaviors is an essential area of research, particularly in the context of achieving Sustainable Development Goal 2 (SDG 2) and ensuring food security.

In parallel, scholarly interest in the impact of message framing on pro-environmental behavior has surged. Message framing refers to the practice of presenting essentially identical information in different linguistic forms, leading recipients to develop distinct perceptions and judgments, thereby enhancing the persuasive power of the language and generally categorized into gain framing and loss framing (Van de Velde et al., 2010). Nonetheless, the efficacy of different framing approaches remains inconsistent in existing literature. Some studies advocate that gain-framed messages, which highlight positive outcomes, are more persuasive (Lagerkvist et al., 2023), while others argue for the greater effectiveness of loss-framed messages, emphasizing negative consequences (Amatulli et al., 2020). This suggests that the persuasive power of message framing likely varies with specific situational factors (Ku et al., 2018). For example, White et al. (2011) found in their study on the persuasive effects of green advertising on consumers that loss-framed (gain-framed) communication messages matched with consumers’ concrete (abstract) thinking patterns to better enhance consumers’ willingness towards environmental recycling. Nevertheless, there is a notable gap in these previous studies that promote pro-environmental behavior among consumers, no research has yet explored how message framing for marketing ugly produce matches with controllability attributions of ugly appearance to drive consumers’ purchasing intention.

In the context of marketing communication for ugly produce, the ugly appearance of these products is a critical negative factor affecting their sale. When consumers seek to understand the reasons behind this occurrence, they can assess it through the lens of controllability attribution (Hess et al., 2003). Controllability attributions plays a critical role in how consumers assign causes to negative events (Hess et al., 2003). Understanding this dynamic is critical in marketing communication for ugly produce, a category facing inherent sales challenges due to its appearance. Therefore, the research question of this study is: how the message framing for marketing ugly produce match with the controllability attributions of ugly appearance to drive consumers’ purchase intentions?

Addressing this gap and our research question, we propose a novel model grounded in regulatory focus theory. This model is designed to navigate the complexities of “what to say” and “how to say it” in the marketing communication of ugly produce effectively. Our hypothesis posits that consumers’ purchase intentions are likely to be higher when there is a matching between the type of message framing and the level of controllability attributions of ugly appearance. Specifically, we theorize that gain-framed messages for marketing ugly produce, which emphasize positive aspects, should align with contexts eliciting higher levels of controllability attributions of ugly appearance. Conversely, loss-framed messages, highlighting negative consequences, are predicted to be more effective when combined with information eliciting lower levels of controllability attributions of ugly appearance. Furthermore, we explore the mediating role of perceived formation processing fluency in this matching process.

This research aims to provide produce retailers with actionable insights for crafting marketing communications strategies. By understanding and leveraging these dynamics, retailers can address the significant issues of waste and environmental consequences resulting from consumer rejection of ugly produce. In addition, the findings of this research have significant implications for achieving Sustainable Development Goal 2 (SDG 2) and promoting sustainable food systems, particularly in the face of global challenges such as climate change, economic crises, and food price hikes.



2 Theory and hypothesis development

Ugly produce is defined as visually imperfect fruits or vegetables that differ from the conventional appearance within their respective food categories (Qi et al., 2022; van Giesen and de Hooge, 2019; Xu et al., 2021). Importantly, these imperfections solely pertain to visual distinctions and do not compromise intrinsic quality or safety (Adel et al., 2022; Grewal et al., 2019; Suher et al., 2021). Even though ugly produce rarely differs meaningfully in intrinsic attributes versus normal-looking counterparts, consumer resistance persists due to an unjustified aesthetic bias that has been coined “beauty is good, ugliness is risky (Castagna et al., 2021). For example, consumers frequently perceive higher risks in ugly produce (Castagna et al., 2021), make less favorable assessments about their quality (Loebnitz and Grunert, 2018), and harbor more negative self-perceptions when considering ugly produce purchases (Grewal et al., 2019).

To address this issue, previous works have concentrated heavily on remedial strategies like price discounts or informative marketing communications. However, discounting ugly produce risks perpetuating quality concerns by implying a substandard nature (Aschemann-Witzel et al., 2020; Qi et al., 2022). Consequently, the focus has shifted towards identifying more effective, cost-efficient communication strategies. For example, anthropomorphized ugly produce can elicit positive emotions in consumers, thereby increasing their purchase intentions (Cooremans and Geuens, 2019). Similarly, anthropomorphized unattractive produce can evoke perceived empathy from consumers, which in turn enhances their purchase intentions for unattractive produce (Chen et al., 2021). Additionally, by providing external informational cues that can enhance consumers’ positive self-perceptions, such as “You are Fantastic! Pick ugly produce!,” the rejection of consumers towards unattractive produce can be reduced (Grewal et al., 2019). Labeling strategies are another marketing communication approach for ugly produce that has been investigated by scholars. For instance, labeling ugly produce as “ugly” can improve consumers’ attribute inferences about ugly produce, thereby increasing consumers’ purchase intentions for ugly produce (Mookerjee et al., 2021).

A factor receiving extensive recognition as impactful in guiding pro-environmental behavior is message framing (Amatulli et al., 2020; Lagerkvist et al., 2023; White et al., 2011). Message framing involves presenting the same core information in different linguistic styles to shape interpretation and persuasiveness (Van de Velde et al., 2010). In this study, for marketing communication messages about ugly produce, gain-framed messages emphasize personal or social benefits from purchasing them like enabling waste reduction and environmental conservation, while loss-framed appeals highlight consequences from not buying such as food waste accumulation and ecological harm.

Equally important to communication outcomes are consumers’ attributions regarding the underlying causes of problems or issues being addressed (Weiner, 1985). Weiner (1979) dissects how people assign responsibility for behaviors or events, assessing loci of causality along dimensions like internality, stability, and controllability. Controllability attributions judge the degree of volitional control versus situational imposition over causal factors and have robust attitudinal implications (Weiner, 1979). Transitioning to the agricultural context, for agricultural items, growth irregularities plausibly arise more from unstable, external causes like weather conditions or improper farming practices. As such, we concentrate primarily on exploring controllability attributions given their greater relevance in judging ugly produce appearance. In this research, adapting from Hildebrand et al. (2017), controllability attribution of ugly appearance refers to whether there is a human agent who can control the occurrence of the ugly appearance of agricultural products. Specifically, when imperfections get blamed on uncontrollable natural forces like anomalous weather or climate patterns, controllability attributions of ugly appearance are low. In contrast, if flaws are traced to regulated or controllable human activities like improper farming methods or transportation handling, controllability attributions of ugly appearance are high. The controllability attributions of ugly appearance, as revealed by its definition, is closely related to the level of consumers’ perceived control over the factors causing appearance flaws. Low or thwarted control activates a prevention focus, making individuals more attuned to loss and negative aspects of information (Wang and Lee, 2006), while amplified control spurs promotion focus and opportunity-seeking behaviors, making individuals more responsive to gains and positive of information (Bateson, 1985). This manifests in regulatory focus orientations derived from Regulatory Focus Theory (RFT) (Higgins, 1997). RFT posits two goal pursuit orientations: prevention or promotion focus. A prevention focus increases awareness of potential negatives, while a promotion orientation enhances responsiveness to potential gains and positive outcomes (Higgins, 1997). Applying these insights to the context of ugly produce, when uncontrollable factors like weather drive appearance flaws, low control could stimulate consumers’ loss-averse prevention focus highly attentive towards negative outcomes. Loss-framed (vs. gained-framed) messages align with heightened negativity sensitivity by underscoring adverse consequences like food waste and environmental harm from avoiding ugly produce. Thus, we propose:

 H1: When the controllability attributions of ugly appearance in produce are low, consumers exhibit higher purchase intentions for ugly produce when exposed to loss-framed messages than gain-framed messages.



Conversely, when human elements like farming techniques causally contribute to appearance imperfections, amplified control may conversely activate promotion-focused mentalities targeting opportunities and gains (Bateson, 1985; Wang and Lee, 2006). Based on this, we expect that gain-framed (vs. loss-framed) appeals resonate better with promotion focus by highlighting merits and benefits like ecological conservation gains from ugly produce acceptance. Thus, we propose:


H2: When the controllability attributions of ugly appearance in produce are high, consumers exhibit a higher purchase intention for ugly produce when exposed to gain-framed marketing messages than loss-framed messages.
 

What ultimately drives message persuasiveness is the enhanced perceived information processing fluency when incoming communications information is readily assimilated within individuals’ active mental outlooks (Cho and Schwarz, 2006; Yoon et al., 2011). Perceived information processing fluency is the ease with which an individual processes stimulus information (Cho and Schwarz, 2006). When message content resonates with an individual’s regulatory focus, it increases perceived processing fluency and message persuasiveness. For example, individuals with a prevention focus are receptive towards negativity-accentuating losses, while those with a promotion focus welcome positivity-underscoring gains (Lee et al., 2009; Lin et al., 2012). Building on this and combining it with the aforementioned discussions, we suggest that low (high) controllability attributions of ugly appearance activate prevention (promotion) focus in consumers. Consequently, loss-framed (gain-framed) messages for marketing ugly produce matched with low (high) controllability attributions of ugly appearance are likely to enhance information processing fluency. Namely, the match between message framing and controllability attributions of ugly appearance positively affects perceived information processing fluency. The more fluently information is processed, the more favorable an individual’s reactions and preferences tend to be (Kostyk et al., 2021). Hence, consumers’ perceived information processing fluency will positively affect their purchasing intention for ugly produce. Finally, we propose:


H3: The impact of the match between message framing and controllability attributions of ugly appearance on consumers’ purchasing intentions is mediated by perceived information processing fluency.
 



3 Overview of studies

Our research approach involved a comprehensive experimental design, consisting of two pilot studies and two main studies, to rigorously test our hypotheses. Pilot Study 1 served as the foundation for creating stimuli for Main Study 1. In Main Study 1, we focused on ugly potatoes as our primary stimulus to examine Hypotheses 1, 2, and 3. The choice of potatoes aimed to provide a robust initial test of our theoretical model in a single, widely consumed agricultural product category.

Building on the findings from Main Study 1, Study 2 expanded the scope of our research to include a different category of agricultural products: fruits. This shift was to assess the generalizability of our findings across diverse product types. A preliminary pilot Study was conducted specifically for Study 2 to develop effective stimulus materials. In this Study, ugly mangoes were chosen as the stimulus, allowing us to validate and extend the findings from Study 1. The inclusion of mangoes aimed to enhance the external validity of our research, demonstrating the applicability of our model to a broader array of agricultural products.



4 Study 1


4.1 Pilot study 1

The primary objective of Pilot Study 1 was to develop and refine the stimulus materials for Main Study 1. This preliminary Study was designed with two key goals in mind. The first goal focused on assessing whether variations in the framing of marketing messages (gain-framed vs. loss-framed) and the degrees of controllability attributions associated with the ugly appearance of agricultural products would result in noticeable differences in consumer perception and interpretation. The second goal was centered on ensuring the effective manipulation of the ugly appearance of the agricultural products used in the study. It was imperative to confirm that these visual modifications were not only perceptible to consumers but also impactful in terms of influencing their perceptions and evaluations of the products.


4.1.1 Participants and procedure

For this study, we recruited 150 participants through the Credamo platform. Following initial screening, 2 participants were excluded for failing the attention test, and 3 were removed due to abnormal response times (defined as times falling below or exceeding three standard deviations from the mean). This resulted in a total of 145 valid participants (with 63.07% female participants, Mage = 31.600, SD = 8.034).

Participants were randomly assigned to a 2 (message framing: gain frame vs. loss frame) × 2 (level of controllability attributions of ugly appearance: low vs. high) between-subjects experimental design. They were asked to imagine themselves shopping at a fruit and vegetable store. While browsing through the vegetable aisle, participants come across some potatoes on a shelf. Next to the shelf, there is a display board with descriptive text about potatoes. The manipulation of message framing was adapted from Lagerkvist et al. (2023). The gain-framed message for potatoes conveyed the following information: “A substantial number of agricultural products are wasted due to their ugly appearance every year. As a consumer, purchasing these agricultural products will contribute to reducing food waste. Reducing food waste signifies the preservation of ecological resources such as water, land, and the environment. Preserving resources can enhance environmental quality.” In contrast, the loss-framed marketing message stated: “A substantial number of agricultural products are wasted due to their ugly appearance every year. As a consumer, refusing to purchase these agricultural products could potentially exacerbate food waste. Exacerbating food waste implies squandering ecological resources like water, land, and others. Prolonged squandering of resources leads to environmental degradation and reduction in environmental quality. “Drawing from Hess et al. (2003), the description for low-level controllability attributions of ugly appearance was: “The ugly appearance of the potatoes on the vegetable shelf is primarily attributed to natural factors such as abnormal temperature or rainfall during the potato’s growth process.” On the other hand, the high-level controllability attributions of ugly appearance were described as: “The ugly appearance of the potatoes on the vegetable shelf is primarily caused by human factors such as improper land management, inadequate weeding, or insufficient irrigation during the cultivation process.” A detailed description of the shopping scenario can be found in Appendix A.

After reviewing the experimental materials, participants completed manipulation checks for message framing and controllability attributions of ugly appearance. The manipulation check for message framing employed a semantic differential scale, where “1 indicated the extent to which participants perceived the text in the shopping scenario describing the positive consequences of buying potatoes, and 7 indicated the extent to which they perceived the negative consequences if refusing to buy the potatoes in the shopping scenario” as outlined in White et al. (2011). The checks for attribution controllability included items such as “To what extent do you believe that the ugly appearance of the potatoes in the shopping scenario can be avoided/prevented/caused by highly controllable human factors?” with a response scale from 1 (to a very small extent) to 7 (to a very large extent), following Hess et al. (2003). In addition, participants assessed the potato appearance with an item stating “You feel the appearance of the potatoes in the shopping scenario is ugly/unattractive,” rated on a scale from 1 (strongly disagree) to 7 (strongly agree), based on Chen et al. (2021). Subsequently, the participants reported their demographic variables.



4.1.2 Result

The manipulation check for the appearance of the potatoes yielded significant results. Participants rated the appearance of the potatoes as ugly, with an average score significantly above the midpoint of the scale (M = 5.497, SD = 1.113, t (144) = 16.197, p = 0.000). This confirms the successful manipulation of the ugly appearance of the potatoes.

Regarding the message framing, results from a one-way ANOVA indicated significant differences between the gain-framed and loss-framed conditions. Participants in the loss-framed condition were more likely to perceive the marketing message as emphasizing the negative consequences of not purchasing the potatoes (Mloss = 4.986, SD = 2.330) compared to those in the gain-framed condition (Mgain = 2.361, SD = 1.689; F(1, 143) = 60.180, p = 0.000, η2 = 0.296). In addition, a one-way ANOVA on the level of controllability attributions revealed a significant difference between the high and low controllability conditions. Participants in the low-level controllability condition perceived the cause of the potatoes’ ugly appearance as more uncontrollable due to natural factors (Mlow controllability = 2.448, SD = 1.142) compared to those in the high-level controllability condition (Mhigh controllability = 4.931, SD = 1.627; F(1, 143) = 113.407, p = 0.000, η2 = 0.442). The study results show successful manipulation of both message framing and controllability attributions of the ugly appearance of the potatoes.




4.2 Main study 1

Main Study 1 extended the groundwork laid by Pilot Study 1, utilizing the stimuli of ugly potatoes to create a simulated shopping scenario. The primary aim was to investigate the effects of matching message framing types with different levels of controllability attributions of ugly appearance on consumers’ purchase intentions (H1 and H2). Additionally, this study sought to examine the mediating role of perceived information processing fluency in this relationship (H3).


4.2.1 Participants and procedure

For this study, we recruited 500 participants through the Credamo platform. Following an initial screening, 5 participants were excluded (2 for failing the attention test and 3 for abnormal response times), resulting in a final sample of 495 valid participants (63.232% female, Mage = 27.832, SD = 7.666). For more detailed descriptions of the valid sample statistical characteristics, see Table 1. About basic characteristics of samples in different conditions in study 1, please see Table 2.



TABLE 1 Descriptive statistical analysis of valid samples.
[image: Table displaying survey data divided into four categories: gender, age, education, and average monthly income. Each category includes subcategories with frequencies and percentages out of a total of four hundred ninety-five respondents. Categories reflect proportions of demographic characteristics, educational levels, and income ranges. Gender shows female predominance, age highlights the largest group as twenty-one to thirty years, education indicates most respondents have undergraduate degrees, and average income reveals the common range as less than three thousand RMB.]



TABLE 2 Basic characteristics of samples in different conditions in study 1.
[image: Chart displaying four conditions: "Loss-framed message + Low-level controllability attributions" with 123 participants, mean 27.090 (SD 7.273), gender 1.650 (SD 0.479); "Loss-framed message + High-level controllability attributions" with 125 participants, mean 27.960 (SD 7.263), gender 1.696 (SD 0.462); "Gain-framed message + Low-level controllability attributions" with 123 participants, mean 28.024 (SD 7.715), gender 1.569 (SD 0.497); and "Gain-framed message + High-level controllability attributions" with 124 participants, mean 28.250 (SD 8.400), gender 1.613 (SD 0.489). Gender: 0 = male, 1 = female.]

Participants were randomly assigned to a 2 (message framing: gain frame vs. loss frame) × 2 (level of controllability attributions: low vs. high) between-subjects design. They were presented with a scenario where they imagined shopping at a fruit and vegetable store, encountering potatoes on a shelf with descriptive information shown on a display board nearby. The manipulation of message framing and controllability attributions followed the same methodology as in Pilot Study 1. Detailed descriptions of the shopping scenario are provided in Appendix A. After engaging with the experimental materials, participants completed manipulation checks for message framing and controllability attributions. They then provided responses related to their purchase intentions, perceived information processing fluency, attention, risk perception, and taste inference regarding the ugly potatoes. The study concluded with participants providing demographic information.



4.2.2 Measures

The manipulation checks in Main Study 1 replicated those used in Pilot Study 1, assessing the message framing, appearance of agricultural products, and controllability attributions of ugly appearance. Participants were asked to rate their purchase intentions based on items adapted from Chen (2018): “For the potatoes in the shopping scenario, you would intend to buy/consider buying/plan to buy some of those potatoes.” This was measured on a seven-point Likert scale (1 = “completely disagree,” and 7 = “completely agree”; Cronbach’s α = 0.909). The participants’ assessment of the descriptive message about the ugly potatoes was done using a scale adapted from Sundar and Noseworthy (2014): “You think the information describing potatoes in the shopping scenario is easy to understand/process/clear and logical/well organized/well structured,” on a seven-point Likert scale (1 = “completely disagree,” and 7 = “completely agree”; Cronbach’s α = 0.786). Risk perception was measured with a statement adapted from (Loebnitz and Grunert, 2018): “You think these potatoes in the shopping scenario are risky,” and taste inference with a statement from Chen et al. (2021): “These potatoes are tasty.” Both were rated on a seven-point Likert scale (1 = “completely disagree,” and 7 = “completely agree”). Finally, demographic information was collected from the participants.




4.3 Results


4.3.1 Manipulation check

The manipulation test for the appearance of the potatoes was successful. Participants rated the appearance significantly above the scale’s midpoint (M = 5.181, SD = 1.120, t (494) = 23.459, p = 0.000), indicating they perceived the potatoes as ugly. A one-way ANOVA revealed that participants in the loss-framed conditions perceived the marketing message as more significantly emphasizing the negative consequences of not purchasing the potatoes (Mloss = 4.581, SD = 2.137) compared to those in the gain-framed conditions (Mgain = 2.405, SD = 1.553; F (1, 493) = 167.732, p = 0.000, η2 = 0.254). In addition, a significant difference was found in the controllability attributions of ugly appearance (Mhigh controllability = 4.838, SD = 1.349; Mlow controllability = 3.137, SD = 1.263; F (1, 493) = 209.687, p = 0.000, η2 = 0.298). These results suggested that the manipulation of message framing and controllability attributions of ugly appearance was successful.



4.3.2 The matching effect of message framing and the controllability attributions

A two-way ANCOVA, with risk perception and taste inference as covariates, showed a significant interaction between message framing and controllability attributions on purchase intention (F(1, 489) = 29.041, p = 0.000, η2 = 0.056). Further simple effects analyses revealed that in conditions of low controllability attributions, purchase intentions were higher with loss-framed messages compared to gain-framed messages (Mgain = 4.613, SD = 1.397; Mloss = 5.352, SD = 0.933; F (1, 489) = 15.012, p = 0.000, η2 = 0.030). Conversely, in conditions of high controllability attributions, purchase intentions were higher with gain-framed messages (Mgain = 5.462, SD = 1.165; Mloss = 4.832, SD = 1.224; F(1, 489) = 14.172, p = 0.000, η2 = 0.028, see Figure 1). These findings initially confirm Hypotheses 1 and 2.

[image: Bar chart comparing purchasing intentions for ugly potatoes based on message framing and controllability attribution. For low controllability, loss-framed scores 5.352 and gain-framed scores 4.613. For high controllability, loss-framed is 4.832, gain-framed is 5.462.]

FIGURE 1
 Interaction between message framing and controllability attributions on purchasing intention.




4.3.3 Mediating analysis

We employed PROCESS model 8 (Hayes, 2013) to investigate the moderated mediating role of perceived information processing fluency. In our model, message framing was specified as the independent variable (0 = loss-framed message, 1 = gain-framed message), with perceived information processing fluency as the mediator. Controllability attributions of ugly appearance were the moderator (0 = low level, 1 = high level), and consumers’ purchase intentions of ugly potatoes served as the dependent variable. Risk perception and taste inference were included as covariates. The 10,000 resample bootstrapped confidence intervals indicated a significant moderated mediation process for perceived information processing fluency (β = 0.109, SE = 0.049; 95% CI = [0.023; 0.214]). This finding suggests that the impact of the matching message framing with controllability attributions of ugly appearance on purchase intention was mediated by perceived information processing fluency, thereby supporting Hypothesis 3.




4.4 Discussion

The results of study 1 provide initial support for Hypotheses 1 and 2. When the level of controllability attributions of ugly appearance was low, consumers exhibited higher purchase intentions with loss-framed messages compared to gain-framed ones. Conversely, with a higher level of controllability attributions of ugly appearance, gain-framed messages led to increased purchase intentions. In the next study, we aim to reinforce these findings and enhance external validity by examining a different category of agricultural products, following successful stimulus development in a preliminary study.




5 Study 2


5.1 Pilot study 2

Pilot Study 2 was designed to generate stimuli involving a distinct category of agricultural products, different from those used in Study 1, for use in the main Study 2. This Study sought to accomplish two primary goals. The first goal was to determine if variations in gain-framed and loss-framed marketing messages, coupled with different degrees of controllability attributions of ugly appearance, would influence consumer perception and reception of these messages in a new product context. The second goal was to ensure the successful manipulation of the ugly appearance in this new category of agricultural products.


5.1.1 Participants and procedure

We recruited 150 participants for this Study from the Credamo platform. Among them, 1 participant did not pass the attention check, and 5 participants had questionnaire completion times that were considered outliers (lower than the mean completion time minus 3 times the standard deviation or higher than the mean completion time plus 3 times the standard deviation). As a result, we obtained data from 144 valid participants (55.556% female, Mage = 30.875, SD = 7.630).

Participants recruited were randomly assigned to one of 2 (message framing: gain frame vs. loss frame) × 2 (level of controllability attributions of ugly appearance: low vs. high) between-subjects design. First, they were asked to imagine themselves shopping at a fresh produce supermarket, where they encountered mangoes on the fruit counter and descriptive information about mangoes on a display board next to the counter. To manipulate the marketing message frame, this Study followed the communication messages used in the Study by Lagerkvist et al. (2023), which were consistent with Study 1. Drawing from Hess et al. (2003), the information of low-level controllability attributions of ugly appearance was presented as “The ugly appearance of the mangoes on the fruit counter is caused by natural factors such as abnormal temperature or rainfall during the mango’s growth process.” Conversely, the information of high-level controllability attributions of ugly appearance was presented as “The ugly appearance of the mangoes on the fruit counter is caused by human factors such as forgetting to bag the fruits or not harvesting them at the appropriate time during the cultivation process.” Specific details of the shopping scenario are provided in Appendix B. After reading the experimental materials, participants completed the manipulation check items for message framing, controllability attributions of ugly appearance, and mango appearance, which were consistent with Study 1. Finally, participants answered demographic variables.



5.1.2 Result

The manipulation check results for mango appearance revealed that the average ratings for mango appearance were notably above the midpoint value of 4 on the scale (M = 5.476, SD = 1.083, t (143) = 16.354, p = 0.000). This finding indicates that participants perceived mango appearance as distinctly ugly, confirming the successful manipulation of ugly mango appearance. In the analysis of message framing, a One-way ANOVA showed that consumers exposed to loss-framed messages were more likely to perceive the negative consequences of not purchasing the described mangoes compared to those exposed to gain-framed messages (Mgain = 1.722, SD = 1.078; Mloss = 6.014, SD = 1.389; F(1, 142) = 429.087, p = 0.000, η2 = 0.751). Furthermore, the study’s results for the controllability attributions manipulation check highlighted a significant distinction between high and low levels of controllability attributions conditions (Mhigh controllability = 5.488, SD = 1.276; Mlow controllability = 2.388, SD = 1.180; F(1, 142) = 229.337, p = 0.000, η2 = 0.618). Participants in conditions with high-level controllability attributions for ugly appearance perceived the cause of mango’s ugly appearance as more controllable by human factors compared to those in low-level controllability conditions. These study findings underscored the effective manipulation of the ugly appearance of mangoes, along with the message framing and controllability attributions.




5.2 Main study 2

Study 2 has two main objectives. Firstly, main Study 2 used the stimuli that were successfully developed in the pilot study to test H1, H2, and H3 again and to demonstrate the robustness of the conclusions from Study 1. Secondly, Study 2 involved replacing the stimulus with a different agricultural product category (vegetables) compared to Study 1. By using mango as the stimulus, we increased the external validity of the studies in addition to repeating the pattern of results of Study 1.


5.2.1 Participants and procedure

This Study recruited 600 subjects in Credamo platform. Among them, 16 subjects failed the attention test, 9 subjects took too long to answer the questionnaire (higher than the mean + 3 times the standard deviation of the answer time), and 575 valid subjects were obtained (73.739% female, Mage = 27.906, SD = 7.958). For more detailed descriptions of the valid sample statistical characteristics, see Table 3. About basic characteristics of samples in different conditions in study 2, please see Table 4.



TABLE 3 Descriptive statistical analysis of valid samples.
[image: Table displaying demographic data with columns for characteristic indicators, meanings, frequency, percentage, and total number. Categories include gender, age, education, and average monthly income. Data shows 575 participants. Gender: 151 males, 424 females. Age distribution: Majority in 21-30 years (66.087%). Education: Most have undergraduate degrees (68.348%). Average monthly income varies, with 36.174% earning less than 3000 RMB.]



TABLE 4 Basic characteristics of samples in different conditions in study 2.
[image: Table showing conditions with numbers, mean scores, and gender. Four conditions are listed: loss-framed message with low or high-level controllability attributions, and gain-framed message with similar attributions. Numbers range from 141 to 147. Mean values with standard deviations are approximately 27 to 29. Gender values indicate male to female ratio, with means around 0.7.]

Participants were randomly assigned to one of 2 (message framing: gain frame vs. loss frame) × 2 (level of controllability attributions of ugly appearance: low vs. high) between-subjects scenarios. Firstly, they were asked to imagine themselves shopping at a fresh produce supermarket, where they encountered mangoes displayed on the fruit counter, along with descriptive information about mangoes on nearby display boards. Detailed descriptions of the shopping scenario are provided in Appendix B. The approach for manipulating message framing and controllability attributions of ugly appearance mirrored the methodology used in Pilot Study 2. Upon reviewing the stimulus materials, subjects undertook manipulation checks for message framing and controllability attributions of ugly appearance. This was followed by assessments of purchase intention, perceived information processing fluency, attention, risk perception, and taste inference related to the ugly mangoes. Finally, participants provided their demographic information.



5.2.2 Measures

The measurements for manipulation check of mangos’ appearance, message framing, controllability attributions of ugly appearance, purchase intention (Cronbach’s α = 0.927), perceived information processing fluency (Cronbach’s α = 0.866), risk perception and taste inference for ugly mangoes were same as previous studies.




5.3 Results

Manipulation check. The manipulation check for the appearance of mangoes revealed that participants rated the appearance significantly above the scale’s median value of 4 (M = 5.220, SD = 1.124, t (574) = 26.023, p = 0.000), indicating a pronounced perception of ugliness, thereby confirming the successful manipulation of the ugly appearance of mangoes. Analysis via a one-way ANOVA demonstrated that participants in loss-framed conditions were more inclined to perceive the marketing message’s emphasis on the adverse effects of not purchasing the described mangoes, compared to those in gain-framed conditions (Mgain = 2.708, SD = 1.633; Mloss = 4.460, SD = 1.952; F(1, 573) = 136.250, p = 0.000, η2 = 0.192). Additionally, one-way ANOVA for the effect of controllability attributions on perceptions of ugly appearance showed significant differences between high and low controllability conditions (Mhigh controllability = 5.103, SD = 1.106; Mlow controllability = 3.261, SD = 1.232; F(1, 573) = 356.256, p = 0.009, η2 = 0.383), indicating effective manipulation of message framing and controllability attributions of ugly appearance.

The matching effect of message framing and the controllability attributions of ugly appearance. The two-way ANCOVA analyzing purchase intention indicated a significant interaction between message framing and controllability attributions of ugly appearance, considering participants’ risk perception and taste inference of ugly mangoes as covariates (F(1, 569) = 30.351, p = 0.000, η2 = 0.051). Further analysis showed that under low controllability conditions, purchase intentions for ugly mangoes were higher with loss-framed messages than with gain-framed messages (Mgain = 4.497, SD = 1.288; Mloss = 5.095, SD = 1.293; F(1, 569) = 9.143, p = 0.003, η2 = 0.016). Conversely, under high controllability conditions, purchase intentions were higher with gain-framed messages (Mgain = 5.200, SD = 1.198; Mloss = 4.126, SD = 1.315; F(1, 569) = 23.505, p = 0.000, η2 = 0.040, see Figure 2). This finding supports Hypotheses 1 and 2.

[image: Bar chart showing purchasing intention for ugly mangoes. The y-axis ranges from 3.5 to 5.5. For low-level controllability attribution, the loss-framed message scores 5.095, and the gain-framed message scores 4.497. For high-level controllability attribution, the loss-framed message scores 4.126, and the gain-framed message scores 5.200.]

FIGURE 2
 Interaction between message framing and controllability attributions on purchasing intention.


Mediating analysis. Using PROCESS model 8, this study examined the moderated mediating role of perceived information processing fluency, with message framing as the independent variable, perceived information processing fluency as the mediator, controllability attributions of ugly appearance as the moderator, and purchase intentions as the dependent variable, including risk perception and taste inference as covariates. The moderated mediation was significant (β = 0.132, SE = 0.061; 95% CI = [0.021; 0.260]), suggesting that the impact of the matching message framing with controllability attributions of ugly appearance on consumers’ purchase intention was mediated by perceived information processing fluency, thus supporting Hypothesis 3 again.

We also employed the stepwise regression method for testing mediation effects (Baron and Kenny, 1986). All regression models include participants’ gender, age, education, average monthly income, risk perception, and taste inference as control variables. The analytical results are presented in Table 5. According to regression model 1, the interaction between the message framing and controllability attributions significantly affects the purchase intention (β = 1.003, p < 0.001). Then, based on regression model 2, the interaction between the message framing and controllability attributions significantly influences the perceived fluency of information processing (β = 0.350, p < 0.05). Finally, in regression model 3, after incorporating the perceived fluency of information processing into the regression equation, the coefficient of the interaction between the message framing and the controllability attributions remains significant but is significantly smaller than in the interaction term of regression model 1 (β = 0.870, p < 0.001). Thus, the mediating role of perceived information processing fluency in the impact of the interaction between message framing and controllability attribution on consumers’ purchase intention is significant. Therefore, the mediating effect of perceived information processing fluency holds true even when tested with different mediation analysis methods.



TABLE 5 Results of regression analysis on the mediating role of perceived information processing fluency.
[image: Regression analysis table showing relationships between independent variables (message framing, controllability attributions, and their interaction) and dependent variables (purchasing intention, perceived information processing fluency). Control variables include gender, age, education, average monthly income, risk perception, and taste inference. Notable results include significant coefficients in purchasing intention models with interaction terms. Standard errors are in parentheses, and asterisks indicate significance levels. Explanation for variables and significance noted at the bottom.]



5.4 Discussion

The results of Study 2 provided further support for our research hypothesis. When the level of the controllability attributions of ugly appearance was low, consumers exhibited higher purchase intentions for ugly mangoes with the loss-framed marketing message compared to the gain-framed message. However, when the level of the controllability attributions of ugly appearance was high, consumers exhibited higher purchase intentions for ugly produce with a gain-framed marketing message compared to the loss-framed message. This study, using a different agricultural product category, not only enhances the external validity of our findings but also replicates the results of Study 1, reinforcing the reliability of our research across different contexts.




6 General discussion


6.1 Theoretical implications

This research contributes to the broader understanding of consumer behavior in the context of sustainable consumption and offers valuable strategies for reducing food waste. We found that matching of message framing and controllability attribution of ugly appearances drives consumers’ purchase intentions. Specifically, when messages emphasize the advantages of purchasing these products (gain-framed messages) and match this with information suggesting that the reason for their ugly appearance is within human control (high-level controllability attributions of ugly appearance), individuals are more likely to purchase. Conversely, when messages focus on potential losses from refusing to purchase these products (loss-framed messages) and pair this with information indicating that the reason for their ugly appearance is beyond human control (low-level controllability attributions of ugly appearances), this strategy similarly increases purchase intentions. Our findings are consistent with previous study that message frameing need to be matched with situational variables to be most effective in communicating messages (Ku et al., 2018). The theoretical implications of this research are as follows: Firstly, we enrich the research related to marketing communication strategies for ugly produce. In previous research on marketing strategies for ugly produce, no research has explored the impact of the alignment between information framing and controllable attributions of ugly appearance on consumer purchase intention. We innovatively propose the effects of matching message framing and controllability attributions of ugly appearance, which provides theoretical guidance for agricultural retailers to deal with the food waste and environmental problems caused by consumers’ rejection of ugly produce. Secondly, we expand the existing research on consumers’ pro-environmental behaviors. In the context of the pro-environmental behaviors of consumers of ugly produce, we examined the mediating role of perceived information processing fluency in the process of influencing consumers’ purchase intention by matching the message framing and controllability attributions of ugly appearance through theory and empirical evidence.



6.2 Practical implications

Our research contributes to sustainable consumption practices and offers a potential solution to reducing food waste. Our findings could help to reduce food waste, which is a significant social dimension issue due to raising serious concerns about food security and economic and environmental pressures (Talwar et al., 2022). By promoting the consumption of ugly produce, our research has the potential to mitigate the environmental impacts of agriculture, improve food security, and contribute to the sustainable development of the food system, aligning with the objectives of SDG 2. In addition, our research offers practical insights for retailers on marketing unattractive produce without relying heavily on price reductions. Our findings suggest a straightforward yet cost-effective strategy that could prove more sustainable than continuous discounting. First, we provide produce retailers with effective marketing communication strategies for ugly produce. Specifically, the loss-framed message should be matched with the message that expresses the low-level controllability attributions of ugly appearance, while the gain-framed message should be matched with the message that demonstrates the high-level controllability attributions of ugly appearance. Produce retailers can make consumers more responsive to the consumption of ugly produce through such a matching strategy, thus helping them to cope with the serious food waste and environmental problems caused by consumers’ rejection of ugly produce. Second, when developing marketing communication strategies for ugly produce, agro-retailers need to be aware of the critical role of consumer confidence in processing fluency in influencing consumers’ willingness to buy. Therefore, when developing marketing communication strategies, they should focus on how to improve consumers’ perceived information processing fluency to enhance consumers’ willingness to buy and promote their pro-environmental behavior.

Our research helps mitigate the cognitive bias everyday shoppers experience when buying ugly produce. In addition, our research can also help consumers develop a more rational mindset when buying fruits and vegetables. Overall, our study offers practical strategies to enhance consumer preference for ugly produce. These approaches can assist stakeholders in reducing food waste attributed to the rejection of such produce, ultimately contributing to the long-term sustainable development of society.




7 Conclusion

This research highlights the influence of marketing strategies on consumers’ willingness to purchase ugly produce, demonstrating the potential to reduce food waste through targeted communication. We found that gain-framed (vs. loss-framed) messages for marketing ugly produce match with the high-level (vs. low-level) controllability attributions of ugly appearance can enhance consumers’ purchase intentions. This approach not only addresses environmental concerns related to food waste but also offers a practical avenue for retailers to engage consumers in sustainable consumption practices. Furthermore, this research also highlights the mediating role of the perceived information processing fluency, suggesting the importance of perceived information processing fluency in enhancing the persuasiveness of marketing messages. These insights are critical for developing effective communication strategies that resonate with consumers and them to change their behavior. This research also contributes to the broader understanding of consumer behavior in the context of sustainable consumption and offers valuable strategies for reducing food waste. By leveraging insights into message framing and controllability attributions of ugly appearance, retailers can enhance the appeal of ugly produce, aligning consumer purchasing behavior with environmental and food sustainability goals.


7.1 Limitations and future research

In this research, we explored strategies to increase consumer purchase intentions for ugly produce, thereby addressing the significant issue of food waste associated with such products. Despite these contributions, our study has certain limitations. Primarily, it focuses on fresh produce. Future studies could expand this to encompass non-fresh food categories, such as processed foods, to develop more comprehensive strategies against food waste at the societal level. Moreover, our research sample was confined to participants from China. This limitation might affect the generalizability of our findings, as cultural backgrounds and consumer psychology can vary significantly across different countries and regions. The cultural characteristics, social norms, and market environments in China may differ from those in other countries, potentially leading to different attitudes and behaviors towards ugly produce. Therefore, future research is warranted to investigate to examine whether our results hold true in different cultural contexts. For instance, similar studies could be carried out in the United States or other countries to gain a deeper understanding of global consumer responses to ugly produce. Cross-cultural research would provide a more comprehensive understanding of consumer behavior, enhance the generalizability of our findings, and offer stronger theoretical support for international market strategies. Future research could also explore the impact of marketing strategies for ugly produce on food pricing and affordability, as well as their potential to contribute to sustainable agricultural practices and collaborative efforts towards achieving SDG 2.
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Two groups of cotton growers participated in this study; the first, referred as “conventional cotton producers” (CCPs), continues to use traditional techniques. The second group, known as sustainable cotton producers (SCPs), adheres to practices that are socially acceptable, economically feasible, and environment friendly. This study was designed to undertake a thorough socio-economic analysis of CCP and SCP in terms of cost of production, yield, and adaptations for climate change. The data were collected from a total of 275 farming households (138 SCPs and 137 CCPs) from two districts, namely, Bahawalpur and Rajanpur, Punjab, Pakistan. The data were analyzed using the benefit–cost ratio (BCR), paired sampled t-test, and log–log regression model in SPSS. The results of the study revealed that the cost of production for SCP was significantly less than CCP and the value of BCR for SCP is higher than CCP. The results of the study also revealed that the land preparation costs, irrigation costs, and fertilizer and pesticide costs decrease the cotton yield of CCP, while land area owned and picking costs showed no significant influence on the yield of CCP. On the other hand, all cost items except fertilizer cost have a positive impact on CCP’s cotton yield. The results also indicated that SCP farmers adopted more of adaptation practices for climate change than CCP. This study concluded that SCP has significant advantages over CCP. Therefore, it is recommended that the government should prioritize incentives for SCP adoption to enhance yield and environmental sustainability in cotton farming.
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1 Introduction

Cotton is a substantial kharif crop that is grown in more than 100 countries across the globe. It plays a vital role in job creation and supports the livelihoods of millions of people. In addition, it serves as a crucial raw material for industries in the agricultural sector (Hussain et al., 2007). Thus, it is the biggest natural fiber produced and sold, with an annual economic effect of over $600 billion globally (Khan et al., 2020). The cotton business is comprised of the cotton industry, which is industrialized in approximately 150 nations and offers a means of subsistence for roughly 100 million families; it employs 250 million people globally, including 7% of developing country workers (Ashraf et al., 2024). The top ten cotton-producing nations in the world include India, China, the United States, Pakistan, Brazil, Australia, Uzbekistan, Turkey, Turkmenistan, and Burkina Faso. These nations are responsible for producing more than 80% of the world’s cotton due to their favorable temperature ranging from 11°C to 40°C (Shahzadi et al., 2023). Cotton production is expected to rise by 1.6% per year, from 126.5 million bales in 2022–23 to 141.3 million in 2031–32 (Ashraf et al., 2024).

The growth and yield of cotton are experiencing fluctuations and declines worldwide due to the changing climatic conditions. The temperature continues to increase, exacerbating the challenges faced by cotton production due to droughts, salinity, and greenhouse gas emissions (Nadeem et al., 2023; Sultana et al., 2023). This, in turn, affects the adaptations required for successful cotton cultivation (Mai and Liu, 2023). Extreme climatic conditions decrease yield at greater risk in regions that are already struggling with climate change (Noman and Azhar, 2023; Shi et al., 2021), such as Pakistan, a significant contributor to global cotton production, ranked as the fifth-largest producer (Ashraf et al., 2024). Its contribution amounts to 5% of the total global production. In Pakistan, cotton holds a significant position as the most important cash crop and plays a crucial role in Pakistan’s economy, especially in its agro-based industry, which employs approximately 50% of the industrial workforce (Abbas and Waheed, 2017). Approximately 1.7 million farmers across Pakistan rely on cotton cultivation to support their livelihoods cotton growers (USDA Foreign Agriculture Services, 2019; Shar et al., 2021; Shuli et al., 2018), but unfortunately, Pakistan experiences its highest annual temperature during the flowering and boll-forming stages. During 2022–23, the cotton crop is drastically damaged due to the climatic changes. Cotton production went down by 41.0% (4.910 million bales from 8.329 million bales the previous year) despite an increase in sown area (2,144 thousand hectares compared to 1,937 thousand hectares) (Government of Pakistan, 2023). This decline was attributed to the worst-hit flood and insect pests, particularly pink bollworm, whitefly, and thrips. In addition, with the changing environment, there is an increase in the presence of pathogens and insect pests, which decrease the yield and increase the use of pesticides (Ashraf et al., 2024).

Cotton farming contributes 6% of the world’s pesticide consumption and 16% of insecticide (EJF, 2024). It is the third most water-consuming crop, with 67% of its output coming from unsustainable water use (Mekonnen and Hoekstra, 2020). Similarly, seed, fertilizer, and other input costs are lowering the profits of cotton growers and making cotton production unsustainable, but the injudicious use of inputs and orthodox approaches to cultivation (Zafar et al., 2024b; Zulfiqar et al., 2017) have increased the cost of production and decreased cotton yield, consequently deteriorating the earnings of cotton growers. Many studies revealed that conventional cotton producers incur high costs of production and have low resource use efficiency (Watto and Mugera, 2015; Zulfiqar et al., 2017; Rashidov and Shermatov, 2023).

Apart from the climatic issues, farmers’ socio-economic characteristics also have a great effect on the yield of cotton (Ahmad et al., 2021; Hashmi et al., 2016). For example, the size of the farm had a significant impact on the production of the cotton crop. Based on the USDA’s findings from 2019, a significant portion of farmers, approximately 81%, fall into the category of small landholders in Pakistan. On average, these farmers possess less than 5.7 hectares of land (Nawaz et al., 2023). The report indicates that the more prominent farmers in Pakistan possess a significant level of influence and enjoy convenient access to resources and modern technology. However, small farmers encountered difficulties in accessing essential services and resources, which were also scarce in availability (Kousar et al., 2017). It is worth noting that farmers’ decisions were influenced by factors such as access to resources, extension services (Dabiah et al., 2023), availability of inputs, government support, and affordability. Consequently, the small farmers faced challenges in making important decisions that would have improved cotton productivity. The insufficient availability of essential information, and high costs of inputs such as pesticides, soil reclamation materials, and organic manures, coupled with a limited understanding of technical aspects, exacerbated the difficulties and hurt cotton production (Gohil et al., 2016). Various challenges, such as financial limitations, credit obstacles, limited access to advisory services, and a lack of formal education, have been recognized as factors that impede cotton yield (Wei et al., 2020).

To meet above mentioned challenges, a prominent initiative working on sustainable cotton production practices in Pakistan and all over the world is the Better Cotton Initiative (BCI), which focuses social, economic, and environmental sustainability of cotton (ICAC, 2011). It involves multi-stakeholders and ensures sustainable cotton as a mainstream commodity, and fortunately, it is growing proficiently in Pakistan. This study considers BCI cotton producers as sustainable cotton producers (SCPs) and farmers who were not registered with BCI as conventional cotton producers (CCPs). Sustainability efforts in cotton production have made progress, but there is still a gap between firms prioritizing sustainability and those not, influencing environmental and ethical issues (Zhao and McBee-Black, 2022). Hence, the main objective of the study was to investigate the basic differences in production costs, yields, factors influencing the output of BCI and conventional farmers, and the adoption of adaptation practices by farmers to ensure the sustainability of cotton production and the environment. This research has important implications for scholars, decision-makers, and the business sector, providing valuable insights into revitalizing sustainable cotton production in the core cotton region.



2 Materials and methods


2.1 Study area and sampling technique

The Punjab province of Pakistan produces 80% of the total cotton produced in the country, followed by the Sindh province (Zulfiqar et al., 2017). This study was conducted in the Punjab province using a multistage sampling technique. The inclusion criteria for the district were (a) it must be one of the top cotton producer districts of Punjab and (b) have SCP and CCP farmers. Therefore, in the first stage, based on criteria, Bahawalpur and Rajanpur were selected purposively as these districts are among the top cotton producers and had SCP and CCP farmers. Bahawalpur is the most suitable area for cotton in terms of climate (max 40°C and min 26°C), soil (loam, medium clay, and sandy loam), and water (500–800 mm) (Ahmad and Hasanuzzaman, 2020), whereas Rajanpur is an economically most suitable district with maximum returns of 13,487 Rs/hectare (Ahmad and Hasanuzzaman, 2020). In the second stage, one sub-district (Ahmadpur East) from District Bahawalpur and one sub-district (Rajanpur tehsil) were randomly chosen from District Rajanpur.

The sample size was determined using the formula developed by Yamane (1967).

[image: Mathematical formula showing n equals N divided by the sum of one plus N times e squared, enclosed in parentheses.]

where n is the sample size, N is the total number of farming households in the study area, and e is the precision which was set at 5%. By using the formula mentioned above, the sample size was calculated based on the total number of cotton households in each sub-district as a population. The sample size calculated for Ahmadpur East and Rajanpur was 188 and 87, respectively. The overall sample size was determined to be 275 after combining the sample sizes of two sub-districts.

In the third stage, a group of respondents who had been registered with BCI for the past 3 years were selected as SCP, while another group of farmers who had not been registered with BCI for the past 3 years were selected as CCP farmers using proportionate sampling technique from Ahmadpur East (94 SCPs and 94 CCPs) and Rajanpur (44 SCPs and 43 CCPs) (see Table 1).



TABLE 1 Distribution of population and sample size.
[image: Table showing data for two districts: Bahawalpur with Ahmadpur East, 138,432 rural households, and a sample of 188; Rajanpur with Rajanpur, 63,769 households, and a sample of 87. Total sub-districts are 2, with 202 households and a sample of 275.]



2.2 Analytical approach


2.2.1 Benefit–cost ratio

A financial indicator called the benefit–cost ratio (BCR) is used to assess the efficiency or profitability of a project or investment. It is computed by dividing the investment’s overall projected benefits by its total expected expenditures. This study used the benefit–cost ratio for comparison of SCP and CCP as this technique is broadly used in several studies (Zangeneh et al., 2010; Berawi, 2017; Jagdhuber and Rahnenführer, 2021). Following is the formula for calculating the benefit–cost ratio.

[image: Mathematical formula for BC Ratio equals GB divided by TC.]

where BC is the benefit–cost ratio, GB is the gross benefit, and TC is the total cost.



2.2.2 The paired samples’ t-test

The mean value of a variable related to two different groups, two values taken for the same group, individual, or object can be compared by this test. The “paired measurements” denote the case like a magnitude taken at different points of time (e.g., scores of an individual before test and after test with an interference dispensed between two different points of time), a measurement noted in two distinct environments (e.g., experimenting with a “control” situation and a “trial” situation), and the measurement of two sides or halves of an experimental unit or subject (e.g., gaging loss of hearing in an individual’s right and left ears). The main purpose of the paired t-test is to ascertain that there is any statistical proof that the average difference among paired observations is different (significantly) from zero or not. As the paired sample t-test is a kind of parametric test, there are two different ways (that denote the identical impression and are mathematically alike) in which its hypotheses can be shown:


H0: μ1 = μ2, the paired population means are equal.
H1: μ1 ≠ μ2, the paired population means are not equal.



OR


H0: μ1 − μ2 = 0, the difference between the paired population means is equal to 0.

H1: μ1 − μ2 ≠ 0, the difference between the paired population means is not 0.
 

where μ1 is the population mean of variable 1, and μ2 is the population mean of variable 2.



2.2.3 Log–log regression model

Log–log model or log–log linear regression is a type of regression model in which the dependent variable and predictor (at least one) are log-transformed. Transforming different variables in the regression models is a common practice to know circumstances where we face a non-linear relation between the outcome and predictor variables. Using the logarithm of one or more variables instead of an unlogged form makes the effective relationship non-linear while preserving the linear model yet. Logarithmic changes are also an easy means of converting an extremely slanting variable into one that is almost normal (Benoit, 2011). In cases where the response and stimulus variable(s) are transformed into a log form, then the explanation is simple and more elaborative (percentage change in the dependent variable due to percentage increases in the independent variable). Those relationships where both dependent and independent variables are log-transformed are called elastic in the sense of econometrics because the coefficient of the independent variable is stated as elasticity (Benoit, 2011). Log–log model was used for the yield of SCP and CCP, and it was also used in previous studies (Vanslembrouck et al., 2005; Ritter et al., 2020; Kastratović, 2019; Parvathi and Waibel, 2016; Rehman and Bashir, 2015; Djokoto et al., 2016; Chandio et al., 2019).



2.2.4 Log–log model for productivity

[image: The image shows a multiple regression equation: lnY = α + β₁lnAGE + β₂lnEDU + β₃lnFEx + β₄lnFM + β₅lnTL + β₆lnTLC + β₇lnLPC + β₈lnSSC + β₉lnTWC + β₁₀lnIC + β₁₁lnFC + β₁₂PC + β₁₃PiC + ε.]

where ln Y = log of cotton output (mounds/acre); Ln AGE = log of age of the respondents (years); Ln EDU = log of education of the respondents (no. of years of schooling); Ln FEx = log of farming experience of the respondents (years); Ln FM = log of family members of the respondents; Ln TL = log of the total land area of the respondent (acres); Ln TLC = log of land area under cotton production (acres); Ln LPC = log of land preparation cost (PKR/acre); Ln SSC = log of seed and sowing cost (PKR/acre); Ln TWC = log of thinning and weeding cost (PKR/acre); Ln IC = log of irrigation cost (PKR/acre); Ln FC = log of fertilizer cost (PKR/acre); Ln PC = log of pesticide cost (PKR/acre); Ln PiC = log of picking cost (PKR/acre); ε = error term.





3 Results and discussion


3.1 Comparison of socio-economic variables of SCP and CCP; paired sample t-test results

To check the mean difference among socio-economic variables of both types of farmers, a paired sample t-test was used (Table 2). The results showed that the average age of CCP was more than that of SCP, and our findings are contradicted with Imran et al. (2018) who found that farmers practicing climate smart agriculture in the study area had a higher average age. The difference in mean education of SCP and CCP was positive and significant; it gives a notion that most of the educated farmers had adopted BCI and registered themselves for this purpose. CCP had more average farming experience. The difference in mean area under cotton for SCP and CCP was significant and positive, which showed that SCP had more land under cotton. Several researchers reported similar findings that SCP had greater land area and farming experiences than conventional farmers (Imran et al., 2022). The economic status of farmers can be influenced by the size of their landholding, as highlighted by Razzaq et al. (2019). A more sustainable agricultural sector is emerging as a consequence of farmers’ increased adoption of SCP methods, which are driven by factors such as their farming experience and landholding (Maraddi et al., 2014; Imran et al., 2022).



TABLE 2 Comparison of socio-economic and farm indicators of SCP and CCP.
[image: Table showing socio-economic and farm indicators with mean and standard deviation values. Indicators include age, education, farming experience, family members, total land, and land under cotton. Significant differences are noted with asterisks: education and land under cotton show significant positive means, while age and family members show significant negative means.]



3.2 Difference in input usage between SCP and CCP

Overuse of inputs raises the cost of production and increases the risk of health and environmental issues. The term “climate adaptation” has a derived meaning in relation to sustainable activities being carried out by SCP. The objective of this study is to identify the implementation of these practices for a more sustainable agriculture sector. This article has covered all three dimensions of sustainability—economic, social, and environmental—although they have been discussed in different ways. Thus, in this study, a comparison is made between input usage, cost reduction, and increased returns by two types of farmers, that is, SCP and CCP. Table 3 shows the comparison of the means of input used by both types of farmers. The average seed rate used by SCP and CCP was 7.11 kg per acre and 9.86 kg per acre which shows that CCP was using more seed and ultimately incurring more cost on seed. In the case of land preparation, conventional farmers used many plows and planking which consequently increased their production costs. In the case of the simple plow, SCP used the plow 2.51 times on average while for CCP this average was 3.82 which is significantly higher than that of SCP. The average no. of planking for SCP and CCP was 1.67 and 3.02 and significant at a 10% level of significance. The average no. of rotavator for SCP was 0.95, and for CCP, it was 1.10 but non-significant. Laser leveling is usually done after 5 years, but BCI recommended its farmers to use laser leveler after every 3 years. The average no. of laser leveling by SCP and CCP was 1.25 and 0.30, respectively, and it is significant at a 5% level of significance. The deep plow is mostly needed to break the hard pan created under the surface of the land. Most of the farmers did not use it and considered it as an extra cost item, but BCI staff recommends applying deep plow after every 3 years. The average no. of deep plow used by SCP and CCP was calculated as 0.19 and 0.14, respectively, which is statistically not significant.



TABLE 3 Input usage by SCP and CCP.
[image: Table comparing input categories between SCP and CCP cotton farmers. SCP seed usage is 7.11 kg, while CCP uses 9.86 kg. Land preparation shows SCP with 2.51 plows and CCP with 3.82. Fertilizer use includes SCP with 2.21 urea bags, CCP with 3.52. Irrigation has SCP with 7.44 TW, CCP with 10.16. Weedicide application shows SCP at 0.69 and CCP at 1.98. Pesticide use is 5.87 for SCP and 9.02 for CCP. Values marked with significance levels: ** at p<0.01, * at p<0.05, and "ns" for non-significant. Data is from a farmer survey.]

According to Maqsood et al. (2016), the majority of Punjab’s soils lack nitrogen; it is always necessary to increase soil fertility by adding fertilizer to balance nutritional deficiencies, but fertilizer usage is also a problem because farmers usually think that high fertilizer use is good for healthy and productive crops; nevertheless, BCI recommends judicious use of fertilizer. The average no. of urea bags used by SCP and CCP was 2.21 and 3.52, respectively, which was significant at the 5% level. Diammonium phosphate (DAP) is the second most used fertilizer by cotton growers in Pakistan, which is one of the costly items in the production of cotton. The average no. of DAP bags used by SCP and CCP was calculated as 1.44 and 2.61, respectively, and this difference is statistically significant at a 1% level of significance. Nitrophos (NP) is one the important fertilizers used in crops, but its use in cotton is less than that of urea and DAP. The average no. of NP bags used by SCP and CCP was 0.54 and 0.09, which are also significantly different from each other at a 10% level of significance. In the case of other fertilizers, the difference between SCP and conventional farmers was not significant. SCP’s farmyard manure application is also significantly more than CCPs.

Irrigation is a vital factor for any crop, but cotton crops need sufficient water at every stage due to its deep root system. Farmers usually use water without caring for the method of irrigation. If furrow irrigation is applied, it can reduce the excessive use of irrigation water, and ultimately, the cost of irrigation can be lessened. The average no. of irrigations by the canal, tube well, and mixed (canal + tube well) for SCP and CCP was calculated as 4.98, 7.44, and 1.11 and 5.10, 10.16, and 2.78, respectively. The application of canal irrigation is not significant, while tube well irrigation and mixed irrigation are significant at 5 and 10%, respectively. It shows that CCP used more tube well irrigation which led to their higher costs of irrigation, and on the other hand, SCP based on sustainable water management practices, such as furrow irrigation and filling furrow up to half instead of full, reduced the cost of irrigation.

Thinning is also an important practice used by cotton farmers to improve the growth of crops. The average no. of thinning for SCP and CCP was 1.08 and 0.02, respectively, which is significant at a 10% level of significance. BCI trains its farmers to reduce the use of weedicide and recommends sustainable control methods. The average no. of weedicide used by SCP and CCP was calculated as 0.69 and 1.98, which is significant at a 5% level of significance. Pesticide usage is a vital element in producing cotton due to ever-increasing pest attacks. On the other hand, BCI recommends pesticides as the last option. The average no. of pesticide sprays by SCP and CCP in the study area was calculated as 5.87 and 9.02, respectively, which is significant at a 5% level of significance.

The two groups, that is, SCP and CCP, employ significantly different levels of input. Table 3 demonstrates that traditional farmers used more inputs than conventional cotton producers who utilized external inputs on average in significantly different amounts. The SCP farmers who practice sustainable cotton were observed to be using significantly lower amounts of inputs, including seed, micronutrients, fertilizers, irrigation water, and chemical controls, in comparison with conventional farmers, and these findings are supported by previous studies (Zulfiqar and Thapa, 2016; Hussain et al., 2017; Shah et al., 2020; Imran et al., 2022).



3.3 Financial analysis of SCP and CCP

Computing the cost–benefit ratio and comparing it for two or more groups gives us the suitability of a given enterprise. This study calculated different cost items, price of outputs, revenue, and profit for SCP and CCP. Then, the benefit–cost ratio is calculated and analyzed using a paired sample t-test. The results showed (Table 4) that the costs of production and benefits of SCP and CCP are significantly different from each other. The CCP incurred significantly higher costs on external inputs such as irrigation, land preparation, pesticides, weedicides, and fertilizers compared to SCP. The SCP encountered lower costs for seed at the time of purchase because they sow lesser quantity of seed per acre as compared to conventional farmers who mostly use larger quantities of seed. In addition, SCP utilizes efficient sowing methods, so the combined cost of seed and sowing for SCP is significantly less than that of CCP. The CCP has an overall higher cost of production than that of SCP. The average yield of SCP is significantly higher than that of conventional farmers, and these results are supported by the findings of several researchers (Forster et al., 2013; Mukhtar, 2024), but the price of cotton received by both types of farmers is not statistically significant from each other. Overall SCPs enjoy significantly higher profits as compared to CCPs, so they have a relative advantage over CCPs.



TABLE 4 Cost–benefit analysis of cotton production.
[image: Comparison table showing costs and benefits for SCP and CCP cotton farmers. Categories include seed and sowing, land preparation, irrigation, thinning, fertilizer, FYM, pesticide, picking, and labor costs. Total cost per acre is Rs 55808.95* for SCP and Rs 58607.66** for CCP. Yield is 998.47* kg/acre for SCP and 871.29* kg/acre for CCP. Total revenue is Rs 79482.3** for SCP and Rs 71290.8** for CCP. Profit per acre is Rs 23673.35** for SCP and Rs 12683.14** for CCP. Benefit-Cost Ratio: SCP is 1.42*, CCP is 1.21*. Significance levels are indicated next to values.]



3.4 Factors affecting the yield of SCP and CCP

The results of the log–log model presented in Table 5 show that the respondent’s age, education, and farming experience have a positive impact on the yield of SCP, while the “number of family members” has no significant impact on it. The coefficients of total land area under cotton, land preparation cost, seed, and sowing cost, thinning and weeding cost, irrigation cost, pesticide cost, and picking cost are positively and significantly affecting the yield of better cotton producers. The value of coefficients for these variables such as 0.018, 0.023, 0.042, 0.027, 0.015, 0.012, and 0.020 show that a 1% increase in these inputs increases the yield of better cotton by 1.8, 2.3, 4.2, 2.7, 1.5, 1.2 and 2%, respectively. The reason for the significant impact of picking cost on the yield of better cotton is that SCP employs mature and skilled picking labor to protect the quality of produce and they pay more wage than CCP for binding the labor because CCP picks up the female cotton pickers before or right after sunrise, but SCP need picking labor 1–2 h after sunrise so that dew subsides and quality can be maintained at the time of harvest. The coefficient of fertilizer cost (−0.009) is significant at a 10% level of significance, which can be interpreted as a 1% increase in the cost of fertilizer causing about a 1% decline in the yield of better cotton. Total land area has no significant impact on the yield of SCP. The value of coefficient of determination (R2) is 0.691 which means approximately 70% of the variation in yield was explained by the independent variables included in the model.



TABLE 5 Factors affecting yield of SCP and CCP: log–log regression model.
[image: Regression table comparing two models, B (SCP) and B (CCP), with their respective standard errors. Significant predictors include age, education, farming experience, and various costs such as land preparation and pesticides. The table includes R-squared values and significance levels, with notes indicating significance at ***p<0.01, **p<0.05, and *p<0.1.]

A similar log–log regression model was used to analyze factors affecting the yield of CCP. The results presented in Table 5 show that the age, education, and farming experience of farmers have a positive impact on yield, and the number of family members has no significant impact. The results show that the impact of education is more prominent in the case of SCP than CCP. The impact of total land under cultivation, land under cotton, land preparation cost, and thinning and weeding cost on cotton yield was positive (values of coefficients are 0.011, 0.012, 0.018, and 0.019) and significant at a 5% level of significance. This can be interpreted as a 1% increase in these variables increases the yield of cotton by 1.1, 1.2, 1.8, and 1.9%, respectively. While irrigation cost, fertilizer cost, and pesticide cost negatively affect the yield and are significant at a 5% level of significance. The values of coefficients of irrigation cost, fertilizer cost, and pesticide cost are −0.049, −0.071, and −0.091, which means a 1% rise in these factors reduces the yield by 4.9, 7.1, and 9.1%, respectively. These results show that conventional farmers were overutilizing water, chemical fertilizers, and pesticides. Seed and sowing costs, and picking costs had no significant impact on the yield of conventional (CCP) farmers. The value of R2 is 0.810 which means approximately 81% of the variation in yield was explained by the independent variables included in the model. After analyzing the results of the log–log regression model in Table 4, one can say that conventional (CCP) cotton farmers were not considering input management due to a lack of awareness about the sustainable use of inputs, and it led to a negative effect on the yield of cotton. This is also supported by Naab (2015), who observed that farmers’ negative attitudes toward input led to a considerable decrease in cotton production. Pallavi et al. (2017) segregated the farmers into beneficiaries of BCI and non-beneficiaries and also found that the former had more yield and net returns than later in the study period.



3.5 Adaptations related to seed management and land preparation by BCI farmers

The use of stress-tolerant varieties and registered varieties, seed treatment, grading of seed, gap filing if some spots are left empty, planter sowing, use of rotavator and deep plow at least after 3 years, and laser leveling are classified under adaptation practices related to seed management and land preparation. The results (Table 6) showed the frequency and percentage (in parenthesis) of respondents adopting a specific adaptation. Regarding the use of stress-tolerant varieties of cotton, only 2% of the better cotton farmers had not adopted it at all, while 8.5% were considering it to use only good stress-tolerant seeds in future, 72.1% of BCI farmers were fully using stress-tolerant varieties of cotton, and 17.4% had adopted this practice fully. In the case of using registered varieties only, 18.9% of farmers were not caring at all, 15.9% had their mind to use shortly, 44.3% were practicing this to some extent, and 20.9% of BCI farmers were practicing it fully. Seed treatment before sowing is an important adaptation strategy to overcome many seed-borne diseases, and BCI recommends farmers treat their seeds. The results of this study showed that the majority of the BCI farmers were treating their seeds before planting, and only 1% of them were not doing this at all. Regarding grading seeds, the majority (72.1%) of the BCI farmers were not adopting this practice, while 21% had adopted it to some extent and only 2% of BCI farmers were grading their seeds to the full extent. BCI can ensure the grading of seeds by educating more about the importance of this practice. Filling gaps after the emergence of cotton crops is an important strategy to ensure optimum planting density and leads to desired yield. BCI farmers had adopted this practice to a great extent as 59.7% of them were doing this fully, while 21.9% were doing it to some extent, 11.4% were considering it, and only 7% were not doing it at all. In terms of planter sowing, 51.7% of BCI farmers were not using planters at all, 46.8% were considering using them in future, 1% were using them to some extent, and only 0.5% were using them fully. Planter is among the big agricultural machinery that is not affordable by the majority of farmers in Pakistan due to small land holdings. Our findings show that SCP farmers were using more stress-tolerant varieties than CCP, and this is due to the awareness created by BCI. Several studies have explored that stress-tolerant varieties are very important for high-yield cotton production (Zafar et al., 2024a; Sheoran et al., 2021; Noman and Azhar, 2023).



TABLE 6 Seed management and land preparation.
[image: Table showing farmer adaptations across four categories: "Not doing," "Not doing but considering," "Somewhat doing," and "Doing fully." Adaptations include stress-tolerant varieties, registered varieties, seed treatment, grading of own seed, gap filling, planter sowing, use of rotavator, deep plowing, and laser leveling. Frequencies (with percentages) indicate the level of implementation for each adaptation. Data derived from a farmer survey.]



3.6 Adaptations related to soil, water, and crop management by BCI farmers

Management of soil, water, and crops using different adaptation practices is done by BCI-registered farmers under the guidelines of organizations working for the implementation of better cotton. Table 6 gives the frequency and percentage of different adaptations related to managing crops, soil, and water. The results showed that cultivation on bed and furrow was not adopted by 21.4% of farmers, 71.1% of growers were considering it for the future, 6.5% had adopted it to some level, and only 1% of BCI farmers were cultivating fully using bed and furrow technique. Furrow irrigation is one of the techniques to save water in crops; these results witnessed that the majority of BCI farmers (81.1%) were using furrow irrigation, and only 18.9% were considering it to use this practice in future for saving water in cotton production. Water scouting is one the most important adaptation practices for judicious use of irrigation water along with lowering the cost of irrigation which leads to profitability of BCI farmers. The results showed that 6% of BCI farmers were not practicing water scouting, 9.5% of farmers were still not doing but had their mind to use in future, 80.1% were practicing it to some extent, and 4.5% of BCI farmers were doing it fully. This shows that BCI farmers are efficient farmers who are saving water resources as well as their cost of production. It is necessary to get nutrient testing for soil for proper use of inputs like fertilizers; this adaptation was fully adopted by 6% of farmers, 34.8% of growers were doing it to some extent, 50.7% are considering this practice, and 8.5% were doing it fully among BCI farmers.

On a global scale, water is a valuable resource and the success of agricultural production relies heavily on its availability and efficient utilization for growing crops (D’Odorico et al., 2020). In addition, effectively utilizing the available water is a matter of management, and, as such, it necessitates farmers’ motivation to use water at the appropriate time and in the necessary amount (Li et al., 2020). To manage excessive use of water, filling furrows up to half is the best adaptation strategy which leads to saving water without compromising on the requirement of irrigation. The results of this study showed that 66.7% of farmers were not considering it at all, 20.9% were considering it seriously, 8% were caring for this to some extent, and 4.5% were practicing it completely among all BCI farmers. These findings contradict the study conducted by Khan et al. (2021) which reported that respondents in the study area saved 13 to 22% of water. Adjustment at the time of sowing is a good adaptation to save the crops from the adverse effects of climate change and other risks. This study found that 16.9% of farmers were adjusting the time of sowing, 18.4% were not doing but considering, 61.2% were adjusting to some extent, and 3.5% were fully adjusting their time of sowing according to expectations/forecast of risks. Mulching is an excellent way of saving moisture and reducing the effect of weeds, and these results showed that 64.2% of farmers were not using this at all, 32.3% were pondering over it, 3% were doing it to some extent, and only 0.5% were using this adaptation fully. BCI staff can put more focus on increasing the use of mulching because it can save a substantial quantity of resources. Green manure was used to some extent by only 1.5% of farmers, 11.4% were planning to use it, 87.1% were not doing it at all, and no farmer was doing it fully. Converting animal dung into organic manure is a good substitute for chemical fertilizers, but the majority of farmers (74.1%) were not using it, 21.9% were considering implementing it in future, and only 0.5% were doing it to the full extent (see Table 7).



TABLE 7 Soil, water, and crop management.
[image: Table showing farmers' adaptation levels across various practices. Categories include "Not doing," "Not doing but considering," "Somewhat doing," and "Doing fully." Practices include cultivation methods, irrigation, water scouting, nutrient testing, furrow filling, sowing adjustments, mulching, manuring, and dung conversion. Percentages reflect adoption levels, e.g., furrow irrigation is "Doing fully" by 81.1%. Data sourced from a farmer survey.]



3.7 Adaptations related to growth management and pest/weed controlling by BCI farmers

BCI stresses the social and health protection of farmers growing cotton, and it makes sure that protective and safety equipment and tools for farmers as well environment must be used during the growing and harvesting season of cotton (Goyal and Parashar, 2023). Table 8 shows that 48.3% of the BCI farmers allowed for spray if the spraying person was more than 18 years of age, 44.3% of farmers cared for this to some extent, and 7.5% of all BCI farmers were thinking of following this in future. The use of protective and safety equipment during spray application is one the most important practices which was fully adopted by ~5% of the BCI farmers, while 7% had adopted it to some level, 48.3% were considering it for next time, and 39.8% had not adopted it at all. BCI farmers are trained to avoid pesticide spray if the weather is not supportive, and the results of this study regarding this practice showed that 45.8% of BCI farmers had adopted it fully, 49.3% were doing it to some extent, 3.5% were thinking to adopt it, and only 1.5% were not complying with this guideline. Burring of used pesticide and fungicide bottles and related things is also recommended to BCI farmers, but the results showed that only 1.5% of them follow it completely, 7.5% were doing it to some level, 33.8% were planning to adopt it, and 57.2% were not considering it at all possibly because of no care about its damages but Khan and Damalas (2015) found opposite findings. Using fertilizer in split doses or by ridges are also important adaptations that were mostly followed fully or up to some extent by BCI farmers. Fertigation was fully done by 48.8, and 49.3% were doing it somewhat. In the case of using organic manure, BCI farmers were not following to some considerable level. The majority (69.7%) were not using organic manures at all, while only 1.5% had adopted them fully. Using organic manures is preferred in the BCI program, but the results of this study showed that the majority of the BCI farmers (69.7%) were not using organic manures, 20.9% were considered, 8% were using up to some extent, and only 1.5% had adopted it fully. The use of compost is suggested by BCI staff and farmers try to follow it, but the results showed that 67.2% of the BCI farmers were not using the compost due to a somewhat technical procedure of making compost.



TABLE 8 Growth management and pest/weed controlling.
[image: A table shows farmers' adaptations to pesticide use, categorized by the level of adoption: "Not doing," "Not doing but considering," "Somewhat doing," and "Doing fully." Adaptations include pesticide application by skilled individuals, safety equipment use, proper pesticide application timing, and waste management. The percentage of farmers in each category is listed for each adaptation, revealing trends in agricultural practices. The highest involvement is seen in organic manure use and avoiding banned pesticides, while practices like biological control methods are less adopted. Data is based on a farmer survey.]

Thinning is good practice for healthy crops and ultimately more output, and BCI farmers were also recommended to use thinning. The results showed that 29.9% of farmers used thinning fully, 44.3% were doing it to some extent, 16.9% of farmers were planning to do it next time, and only 9% were not doing it at all. Pest scouting is another important adaptation strategy given by the BCI program to its farmers. The results witnessed that 11.4% of farmers adopted it completely, 34.8% were acting upon this to some extent, 33.8% were considering it, and 19.9% were not acting upon this adaptation strategy at all. Using banned pesticides is avoided in BCI by guiding farmers about them, and the results of this study confirmed this behavior of BCI farmers as the majority (94.5%) of them were not using those pesticides at all. Using a pest-specific spray is good practice to save biodiversity in the agricultural systems, and BCI recommends pest-specific sprays to its farmers. This study showed the results that 5.5% of the farmers were practicing it completely, 59.7% were acting upon it to some extent, 27.4% were considering it seriously, and 7.5% of them were not doing it at all. These results are contradicted with some previous studies (Imran et al., 2018; Goyal and Parashar, 2023; Imran et al., 2022) as they found that BCI farmers are adopting these practices to a great extent.

Planting border crops for resistance from various risks, biological control methods for pests, physical control methods, cultural control methods, and keeping pesticides as the last option are recommended to BCI farmers (Khan et al., 2023), but the results of this study showed that the majority of BCI farmers were not complying with these instructions. BCI farmers are required to use only registered and properly labeled pesticides in cotton production. The results of this study showed that 9.5% of the BCI farmers were fully using only registered and labeled pesticides, 7.5% were caring for this practice to some extent, 37.8% were considering it, and 45.3% were not acting upon this practice. Spray rotation is also a very important adaptation strategy, but the majority of the BCI farmers were not following this practice. Spraying only as per real need saves the cost of production as well as personal and environmental health, and the results showed that 18.1, 31.8, and 28.9% of the BCI farmers were taking care of real need fully, somewhat, and not at all respectively, while 20.9% were considering this practice for next time in future. Using pesticides below the label rate is recommended to BCI farmers, and this study found that a minority (10%) of the BCI farmers cared for this completely, while 41.3% were practicing this to some level, 39.8% were not using but considering it, and 9% had not adopted it at all. Applying pesticides before the emergence of a disease is an important adaptation to save excessive resources when the disease spreads too much and to avoid loss of total produce. The results of this study showed that only 4% of the BCI farmers were practicing this strategy to the full extent, 13.9% were doing it somewhat, 44.3% were not applying before disease but had mind to do it for future, and 37.8% of the farmers were not using pesticide before disease occurs, and these findings are similar to some extent with Tokel et al. (2022) because they found better results than these findings. Overall BCI farmers had adopted crop growth and pest control measures very well which leads to the sustainable production of cotton.



3.8 Adaptations related to harvest and post-harvest practices by BCI farmers

Harvesting of cops is a careful task that most of the farmers do not consider very important in terms of care. BCI has much focus on harvesting cotton and trains the registered farmers accordingly (Ahmad et al., 2023). Various adaptations that are needed during and after harvest and their adoption were analyzed in this study. The results showed that 18.4% of farmers used labor who covered their heads during picking fully, 42.3% did this to some extent, 31.3% did not urge their laborers to cover their heads but they were considering it for future, and only 16% did not follow this adaptation at all. BCI made sure that picking must start after sunrise so that due subsides and quality of fiber must be best. The results revealed that 13.4% of farmers were acting upon this completely, 30.8% were doing it to some extent, 35.3% were not doing it but considering it for the future, and 20.4% had not adopted it at all. As conventional farmers tend to start picking right after dawn, labor goes with them to ensure wage, so labor usually did not wait for BCI farmers, and it became difficult for BCI farmers to find labor after sunrise. Picking from the bottom up is a recommended practice by BCI, and the results showed that 45.3% of farmers adopted it completely, 45.8% were doing it to some extent, 7% were considering it, and only 2% were not doing it at all. Picking after 50% of bolls are open is another related adaptation practice that was fully adopted by 50.7% of farmers, while 43.3% were doing it to some level other than complete, 6% were considering it, and 0% were not doing it at all. Storage at dry place was done fully by 44.8% farmers, while 46.8% were doing it to some extent, 7.5% were considering it, and only 1% had not adopted it at all. BCI program makes sure use of cotton cloth or proper sheet for storing cotton which saves the quality of fiber and helps in earning a good price for it. Only 11% of farmers were using this fully because small farmers were the majority among all sampled BCI farmers, and they did not have the resources to use proper cloth or sheet for storage. Approximately 52% of the farmers were using cloth or sheet to some extent, 29.4% were considering it for the next crop, and 7% had not adopted it at all. Storing cotton variety wise was adopted by only 2% of farmers, 10.4% were doing it to some extent, 25.4% were not doing it but considering, and 62.2% were not doing it completely. Storage of cotton in small heaps rather than big heaps is advantageous for keeping quality of seed cotton. It was calculated that only 5% of farmers were stored in the small heap due to limited farm building, while 17.9% were keeping in small heap to some extent, 10% were thinking about it, and 62.2% were not doing it at all. Covering cotton heap properly is fully practiced by 22.9% of farmers, while 42.8% were doing it to some extent, 22.4% were not doing but having mind to do it in future, and 11.9% were not covering properly at all. These results portray in the case of harvest and post-harvest practices that most of the BCI farmers were practicing up to some extent or completely. It means BCI is playing its role fully to make cotton production sustainable and profitable.

This study revealed that the adoption of sustainable and climate adaptation practices resulted in significantly higher net income compared to conventional methods (Khan et al., 2021; Zulfiqar et al., 2017; Ali et al., 2024). To address the challenges posed by climate change, it is crucial to make significant changes in the way we approach cotton production (Zafar et al., 2022; Ashraf et al., 2024). This includes improving seed management and land preparation, implementing effective soil, water, and crop management techniques, adopting better growth management and pest/weed control methods, and implementing proactive strategies for harvest and post-harvest practices (Zafar et al., 2024c). These measures have been identified by SCP as effective ways to mitigate the impact of climate change on cotton production and concluded that better cotton is economically and environmentally sustainable, and they recommended public–private partnerships to spread better cotton technology to farmers. Imran et al. (2022) also found that adopters of climate-smart agricultural practices have fast adaptation behavior to climate change, and therefore, economically they are better off than non-adopters (see Table 9).



TABLE 9 Harvest and post-harvest practices.
[image: Table displaying adaptations in cotton farming practices with columns for frequency and percentage: "Not doing", "Not doing but considering", "Somewhat doing", and "Doing fully". Rows list specific practices, such as labor covering head properly, and their adoption rates among farmers. Data sourced from a farmer survey.]




4 Conclusion

In conclusion, there is a significant difference in cost of production, yields, and climate change adaptability between conventional cotton producers (CCPs) and sustainable cotton producers (SCPs). SCP showed cheaper production costs, higher yields, and better climate change adaptation strategies than CCP. To improve sustainability and resilience in cotton production, policymakers ought to focus on SCP and support it with incentives, education, and resource allocation. Encouraging the use of sustainable techniques in cotton production can improve both economic viability and environmental stewardship.

This study contributes to the existing body of literature by offering a thorough analysis of CCP and SCP, with a specific emphasis on climate adaptation and socio-economic impacts. Our research offers a fresh perspective on the relationship between sustainable cotton practices and improved livelihoods, particularly in developing nations where cotton is highly valued. Our research has clear insights for local and international audiences such as (a) it provides practical directions to the farming community by adopting sustainable cotton practices along with economic benefits, (b) it contributes to a global discussion on climate change and sustainable agriculture, and (c) it provides data to NGOs and development agencies for designing and implementing cotton sustainable practices. However, our research does have a few limitations. First, it was confined to a specific area, which means its implications on a global scale may be limited. Second, the study was conducted over a relatively short time, which prevented us from fully capturing all the data related to climate change adaptation. Finally, the interpretation of “sustainable” and “conventional” can differ among researchers, leading to complex discussions.
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Introduction: The phenomenon of “non-grain” of farmland poses a major threat to food security. Currently, there is still debate about the relationship between farmland transfer and the “non-grain” of farmland. Currently, there is no consensus on the relationship between farmland transfer and the non-grain use of farmland. This article focuses on the evolution of farmland transfer methods, examines the impact of farmland transfer methods on the non-grain use of farmland, and highlights the importance of effectively promoting farmland transfer, curbing the non-grain use of farmland, and ensuring food security.
Methods: Based on the China Rural Revitalization Survey (CRRS) data, this paper uses probit and ivprobit models to estimate the causal relationship between farmland transfer methods and the “non-grain” of farmland. Grouped regressions are conducted from three dimensions of geographical environment, village governance, and economic development to test the heterogeneity of the impact of farmland transfer methods. Finally, the pathways of action are analyzed from the perspectives of farmers’ identity transformation and contract signing.
Results: The organized transfer can significantly reduce the degree of “non-grain” of farmland, and its effect is stronger when the village party secretary has a higher level of education and also serves as the village head. This effect is mainly manifested through increasing the probability of farmers becoming new agricultural operators, joining cooperatives, signing formal contracts, and determining the lease term.
Discussion: The policy implications of this study emphasize that to curb the “non-grain” of farmland and ensure food security, it is important not only to increase the rate of farmland transfer but also to promote the organization of farmland transfer transactions. This includes facilitating the transfer of farmland from inefficient smallholders and cultivating new agricultural operators. Simultaneously, leveraging the supervisory and management role of village collectives can encourage farmers to sign more formal written contracts, clarify the purpose of farmland transfer, and supervise and manage the use of farmland during the subsequent contract execution stage. A limitation of this study is that it relies on cross-sectional data and does not observe the time variation of farmland transfer methods for the same farmers or their long-term impact on the “non-grain” of farmland.
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1 Introduction

Food security stands as a pivotal concern in the trajectory of China’s agricultural development. The conversion of farmland from grain production, known as “non-grain” emerges as a formidable adversary to this security. Amidst the relentless march of urbanization, industrialization, and the modernization of agriculture and rural landscapes, there is a marked exodus of rural labor to urban sectors. This migration has driven up the opportunity cost of labor, eroding the financial viability of grain cultivation and catalyzing the spread of “non-grain” in numerous districts. In an economic bid to bolster their income, many farmers have turned to alternative land uses, such as the construction of greenhouses, livestock facilities, and the establishment of vegetable gardens and fruit-picking enterprises on farmland. These transitions, while economically motivated, present a critical menace to China’s food security framework. Consequently, a strategic emphasis on thwarting the encroachment of “non-grain” and preserving the expanse of land committed to grain cultivation is imperative. Such endeavors are fundamental to the safeguarding of China’s food security, necessitating a nuanced approach that harmonizes the imperatives of agricultural advancement with the preservation of grain-based agriculture.

Within the framework of China’s foundational national context as a vast nation with predominantly smallholder agriculture, the government has endeavored to aggregate farmland through centralized land transfer pathways. This strategy is designed to augment the economic viability of grain crops via scaled operations, with the ultimate goal of bolstering the cultivation of grain and underpinning food security. In furtherance of this objective, the “Rural Land Contracting Law of the People’s Republic of China” was revised in 2003, instituting a tripartite division of land rights into ownership, contracting, and management rights. This delineation affirms collective ownership of farmland, while bestowing farmers with the contracting and management prerogatives, thus enabling the conveyance of management rights through leasing arrangements. The impact of these measures has been the acceleration of farmland transfer among farmers. According to a decade-long assessment by the Ministry of Agriculture and affiliated organizations, the annual compounded growth rate of China’s farmland transfer rate achieved 22.53% between 2006 and 2016. By 2017, the aggregate extent of transferred farmland had reached 512 million mu, with the transfer rate escalating to 37% (equivalent to 667 square meters per mu), as reported by Liu et al., 2018. This progression underscores the government’s commitment to land reform and its influence on agricultural consolidation and food security.

The ongoing increase in the proportion of transferred farmland has not effectively mitigated the “non-grain” of farmland, the enthusiasm of farmers for grain cultivation has always been difficult to improve (Zhong et al., 2024; Liu et al., 2014; Yu and Niu, 2023). This has led to a burgeoning interest within the academic sphere regarding the dynamics between farmland transfer and “non-grain” (Otsuka et al., 2016; Zhang and Du, 2015; Gan et al., 2024). Yet, a cohesive view on this relationship remains elusive. A faction of researchers suggests that farmland transfer is linked to “non-grain” (Pan, 2024), with economic factors such as low grain prices and the financial burden of land transfer costs potentially steering recipients towards “non-grain” agricultural activities (Cheng and Lin, 2014; Zeng, 2015). Conversely, other scholars offer a contrasting viewpoint, indicating that farmland transfer may not predispose land to “non-grain” but could indeed foster an increase in grain cultivation (Liu et al., 2018), with higher transfer rates purportedly amplifying this “trend towards grain” (Hong, 2024). The complexity is further compounded by studies suggesting a “U-shaped” correlation between the rate of farmland transfer and “non-grain” (Ma and Guangsi, 2023; Yao et al., 2024), which implies that the nature of the impact is conditional upon the degree of land transfer. Additionally, there is a contentious debate on the planting strategies of principal entities acquiring farmland, including family farms and other large-scale operators (Chen and Tang, 2023), this point has been confirmed to be due to the promotion of policies and industrial and commercial capital, resulting in different planting structures of family farms (Gao and Du, 2022). Discrepancies are observed in the preferences of family farms, with some studies indicating a propensity for “non-grain” production (Zhang et al., 2014), while others reveal a positive association between the scale of leased farmland and the extent of grain cultivation by these farms, that is, there are differences among farmers of different scales in the transfer and management decisions of farmland (Zhang and Du, 2015).

The ongoing debate regarding the nexus between farmland transfer and the escalation of “non-grain” cultivation is largely due to a significant gap in the current research—namely, the disregard for the potential variability in outcomes based on different farmland transfer methodologies. The predominant mode of farmland transfer, often occurring within familial and social circles (Chen et al., 2017; Tan et al., 2023), is typically marked by the informality of the agreements, with a notable absence of formal documentation. The lease arrangements are commonly left undefined, and the rent, both in terms of quantity and mode of payment, is subject to negotiation and can be highly adaptable. In some instances, rent is paid not in currency but in kind, such as providing care for the elderly in the transferring family or offering gifts during festive seasons (Wang et al., 2015; Gao et al., 2019). This informality results in a lack of regulatory oversight, which can lead to the arbitrary alteration of land use by farmers, frequently in favor of cash crops that offer higher operational returns (Liu and Lv, 2024). To accurately assess the impact of farmland transfer on “non-grain” cultivation, it is imperative to differentiate between these diverse transfer methods, thereby providing a more nuanced understanding of their effects on agricultural practices.

To reinforce the regulatory oversight of farmland utilization post-transfer, the Chinese government has executed a comprehensive set of measures to systematize the previously informal domain of farmland transactions. The initiatives are twofold: (1) Village Committee Engagement: The government is encouraging village committees to play a proactive role in farmland transfer transactions. By mobilizing their managerial prerogatives over collective land, these committees are tasked with consolidating fragmented landholdings into unified, larger plots (Chen and Yi, 2023), forming cooperatives, and managing contract reversals and lease agreements. This approach seeks to elevate the organizational integrity of land transfers and amplify the supervisory pathways governing land use post-transfer. (2) Development of Trading Platforms: A significant thrust has been placed on constructing platforms that specialize in facilitating farmland transfer transactions. These platforms are intended to bring formality and transparency to the process, ensuring compliance with agricultural policies and the broader goal of safeguarding food security. These measures reflect a strategic pivot towards more organized and accountable land management practices, underscoring the government’s commitment to aligning farmland transactions with sustainable development and food security imperatives. Under the platform-based transfer model, farmers must initially consult the platform’s website for transfer information. They then proceed to pay a security deposit and, within a specified timeframe, secure their transfer intentions through online or offline bidding and auction processes. Subsequently, an offline contract is executed, which meticulously delineates the farmland’s designated uses, thus mitigating the incidence of “non-grain” farmland practices (Feng, 2021; Cheng and Lin, 2014).

In theory, organized land transfer transactions can help to curb the “non-grain” of farmland. Compared to the traditional informal transfer model, under an organized transaction model, a large number of small farmers transfer out their land, while larger farmers choose to acquire more land, becoming new type of agricultural operating entity such as family farms, agricultural cooperatives, or leading enterprises (Pei and Xu, 2014; Feng, 2017). These new type of agricultural operating entity differ from small farmers in that they can make substantial long-term investments, thereby achieving economies of scale and avoiding the low grain profit issues caused by short-term investment difficulties and lack of economies of scale faced by small farmers (Li and Qin, 2022). For these new agricultural operators, although economic crops may yield higher profits in the short term, they differ from grain crops in that the pricing power is held by the government, ensuring price stability. In contrast, the prices of economic crops fluctuate more with market changes, leading to greater long-term market risks. Therefore, larger farmers who transfer land through organized transactions are more inclined to make long-term investments in farmland and engage in the cultivation of grain crops (Geng and Luo, 2021). Furthermore, under an organized land transfer transaction system, village committees and land transfer trading platforms can more easily supervise the parties involved in land transfers to sign formal written contracts. This facilitates easier monitoring of the planting behavior of the transfer-in households, thereby reducing the likelihood of “non-grain” in their operations (Zuo et al., 2021).

However, the aforementioned analysis is purely theoretical. In practice, when compared to traditional farmland transfer methods, do these two forms of organized land transfer truly curb the phenomenon of “non-grain” of farmland? If the organized transaction modes can indeed restrict “non-grain” of farmland, what is the pathway at play? Existing research has been unable to answer this question. In order to address these issues, this paper examines the impact of organized farmland transfer transaction modes on “non-grain” of farmland and analyzes their pathways and heterogeneity. The innovation of this paper lies in two aspects: firstly, it focuses on the evolution of farmland transfer transaction modes, focusing on organized transfer, providing a supplement to the existing relationship between farmland transfer and “non-grain.” Secondly, it analyzes the pathway of organized transfer transaction modes from the perspective of changes in farmers’ identities and the signing and supervision of contracts, which has strong policy implications. The research conclusions of this paper can provide decision-making references for promoting the transformation of farmland transaction modes and curbing “non-grain” of farmland.



2 Institutional background and research hypothesis

The “Rural Land Contract Law of the People’s Republic of China,” which came into effect in March 2003, officially granted farmers the right to transfer in and out of contracted farmland. In the following years, the government carried out land contract operation rights confirmation and the “separation of three rights” reform, separating the operation rights from the contracting rights, further defining the rights of farmers to land contract and the rights to transfer farmland operation rights, aiming to increase farmers’ enthusiasm for grain production through stabilizing land rights. During the reform process, the methods of transferring farmland operation rights also underwent evolution.

The earliest form of farmland transfer in rural areas was characterized by spontaneous transfers among households. This type of transaction often occurred between relatives and acquaintances (Chen et al., 2017). In this transfer mode, informal contracts were prevalent, sometimes based on verbal agreements for rent, sometimes in the form of physical goods as rent, and sometimes even transacted with zero rent (Liu, 2018). Under spontaneous transfers, formal transfer contracts were usually not signed, and the lease period and rent amount and form were flexible. Rent payment could sometimes be made in the form of grain, or in the form of “relationship rent” such as taking care of the elderly in the transferring household or giving gifts during holidays (Wang et al., 2015; Gao et al., 2019). However, this model brought about two major issues: firstly, it made it difficult to achieve contiguous farmland management, leading to fragmented transfers, which hindered achieving economies of scale in grain production (Ji et al., 2017); secondly, the lack of formal written contracts made it challenging for the government and village committee to effectively supervise the farmland use (Tan et al., 2023). Through spontaneous farmland transfer, farmland not only served as a means of production in agriculture but also as a form of unemployment insurance and a vehicle for interpersonal exchanges among households. According to data from the Ministry of Agriculture and Rural Affairs, the proportion of farmland transfer within villages accounted for 55.18% in 2016. Based on a survey conducted in 29 provinces nationwide, Qiu and Luo (2022) found that the proportion of farmland transferred to relatives, friends, or local farmers was as high as 71.01%. Currently, spontaneous transfers remain the predominant mode of farmland transfer in rural areas (Jiao and Zhou, 2016).

With the development of the farmland transfer market in rural areas, the scale of farmland transfers has gradually expanded. The shortcomings of traditional informal transfer transactions, such as lack of supervision and high transaction costs, have become increasingly prominent (Yang and Sun, 2024). The Chinese government believes that under the current institutional arrangements, to completely solve the “non-grain” issue, reliance on the village committee is still necessary (Bian et al., 2023). Leveraging China’s unique collective economic system and grassroots autonomous system in rural areas, village committee have gradually become involved in farmland transfer transactions (Gong and Zhang, 2023). Following the initiation of a new round of farmland tenure clarification, the level of village committee participation has increased. However, the methods of village committee participation vary in different regions, with three typical approaches. In the first approach, village committee act as guarantors. For example, in Donghai County, Lianyungang City, Jiangsu Province, both parties involved in farmland transfer first negotiate privately, and once they reach an agreement, they sign a tripartite contract with the village committee acting as the guarantor for the transferee of the farmland. The tripartite contract also specifies the obligation of the village committee to regulate the behavior of both parties in the farmland transfer. The second approach involves farmers conducting transfers through farmland cooperatives established by village committee. For instance, in Tangyue Village, Anshun City, Guizhou Province, farmers join a farmland cooperative established by the village committee through equity participation in the contracted farmland (Xie, 2020). The village committee then reallocates the farmland through the farmland cooperative. Similar transaction methods have appeared in other regions, such as in Shaoxing City, Zhejiang Province, where this approach is referred to as “farmland trust” (Yan and Tang, 2015), essentially involving the village committee establishing a farmland cooperative for transfers. The third approach is exemplified by the “reverse rental and sublease” model in Zouping County, Shandong Province (Xu, 2012). In this model, farmers sign a farmland transfer intention letter authorizing the village committee to pay rent in advance. The village committee acts as an intermediary organization for farmland transfers, consolidating the village’s farmland for unified planning and layout before transferring it to professional farmers, family farms, and other New type of agricultural operating entity (This refers to the large-scale operating entities that the Chinese government is actively supporting, including professional large households, family farms, agricultural cooperatives, and agricultural enterprises). This transaction model involves two transfer processes: farmers renting the farmland back to the village committee, which then transfers the farmland operation rights to large-scale operators.

Building upon this model, a new mode of farmland transfer through trading platforms has emerged. The platform-based transfer model is characterized by a distinct top-down, institution-building feature, evolving from pilot projects to widespread adoption. In 2008, the Rural Property Rights Exchange in Chengdu, Sichuan Province was established, becoming China’s first comprehensive rural property rights market platform (Ren, 2008). The following year, numerous cities such as Wuhan, Chongqing, Ezhou, and Zaozhuang also established rural property rights trading platforms to explore the platform-based transfer model and supporting policies (Zhu and Lirong, 2014). In 2015, the General Office of the State Council issued the “Opinions on Guiding the Healthy Development of Rural Property Rights Transfer Trading Markets,” initiating transaction platform construction nationwide. Currently, trading platforms in over 10 provinces across the country have been put into operation. Farmers engage in farmland transfer through trading platforms by first viewing transfer information on the platform’s website, then paying a deposit, and finally reaching a transaction agreement within a specified time through online or offline bidding. Subsequently, contracts are signed offline, and the entire transaction process is overseen by the platform. As a third-party credit institution, the platform has the responsibility and obligation to regulate the behavior of the parties involved in the transaction and ensure their performance. Compared to the previous two transaction models, the platform-based transfer process has the highest level of standardization, with significant advantages in terms of information dissemination and contract signing.

The two organized transaction methods of village committees participating in farmland transfer and utilizing trading platforms differ significantly from spontaneous transfers among farmers. Under organized transaction methods, the costs for the transferring party to post transfer information and the receiving party to search for transfer information are reduced (Yang et al., 2024). Additionally, the receiving party avoids the high negotiation costs and potential issues of extortion associated with individually communicating with each small parcel of farmland from the transferring party, thus lowering negotiation communication costs. In the organized farmland transfer model, village committees and government-established trading platforms, leveraging their authority, facilitate the signing and execution of farmland transfer contracts, reducing the transaction costs for farmers to enter into and fulfill contracts. With the reduction of transaction costs, farmers’ willingness to transfer farmland increases, leading to a higher probability of farmland transfer. Small farmland holders may choose to transfer more farmland, while large farmland holders may opt to acquire more farmland. The decrease in transaction costs also facilitates a more formalized transaction process, increasing the likelihood of both parties in the farmland transfer signing official written contracts and long-term agreements. The evolution of farmland transfer transactions from personalized transactions in a free market to a higher level of organized transactions expands the scope of the farmland transfer market. The farmland transfer market within villages transitions from closed to open, allowing strangers to participate in farmland transfer transactions.

The impact of organized farmland transfer transactions on the “non-grain” of farmland differs. Firstly, under the traditional transfer model, when smallholders acquire farmland, due to the lack of economies of scale, they are more prone to opportunistic behavior and are motivated to cultivate cash crops to increase short-term profits. In fact, against the backdrop of the continuous transfer of labor, a large number of small farmers want to leave agriculture, which has also led to academic discussions on the issue of “who will farm in the future.” However, under the organized transaction model, both issues can be alleviated to some extent. A large number of small farmers transfer their arable land, leaving agriculture, while larger landowners choose to acquire more land, becoming new type of agricultural operating entity such as family farms, agricultural cooperatives, or leading agricultural enterprises (He et al., 2024). These new type of agricultural operating entity differ from small farmers in that they can make substantial long-term investments, thereby achieving economies of scale and avoiding the low grain profit issues caused by short-term investment difficulties and lack of economies of scale faced by small farmers. For these new agricultural operators, although economic crops may yield higher profits in the short term, they differ from grain crops in that the pricing power is held by the government, ensuring price stability. In contrast, the prices of economic crops fluctuate more with market changes, leading to greater long-term market risks. Therefore, larger farmers who transfer land through organized transactions are more inclined to make long-term investments in farmland and engage in the cultivation of grain crops. Furthermore, under an organized land transfer transaction system, village committees and land transfer trading platforms can more easily supervise the parties involved in land transfers to sign formal written contracts. This facilitates easier monitoring of the planting behavior of the transfer-in households, thereby reducing the likelihood of “non-grain” in their operations. Based on these observations, this paper proposes the research hypothesis:

 Hypothesis 1: Organized transactions can reduce the phenomenon of “non-grain” of farmland and increase the likelihood of farmers cultivating grain crops.



The potential pathways through which organized transactions reduce the “non-grain” of farmland are twofold. Firstly, organized transactions can facilitate a transformation of farmers’ identities. Under the traditional farmland transfer transaction mode, both acquiring and transferring farmers are smallholders, which may lead to opportunistic behavior. Organized transaction modes promote a shift in the identities of acquiring farmers, enabling them to become New type of agricultural operating entity. This transition allows for increased profits from grain crop cultivation through economies of scale and long-term investments, thereby reducing the likelihood of “non-grain.” Secondly, organized farmland transfer transactions are conducted through village committees or government-established farmland transfer transaction platforms. Both the village committees and transaction platforms encourage the signing of formal written contracts between the parties involved in the transfer, which better define lease terms and prices. These written contracts typically utilize templates provided by the Chinese government, which require the specified land use. The village committees and transaction platforms can more effectively monitor land use through these contracts, thereby reducing the “non-grain” behavior of acquiring farmers. Based on this, the paper proposes the research hypothesis:


Hypothesis 2: Organized transactions can reduce the “non-grain” of farmland through two pathways: firstly, by increasing the likelihood of farmers becoming New type of agricultural operating entity, and secondly, by increasing the likelihood of farmers entering into formal written contracts.
 

The above analysis framework is illustrated in Figure 1. Based on the analysis of the transformation of farmland transfer transaction modes and their impact on the “non-grain” of farmland, this paper identifies the main research content. The first is to identify the impact of farmland transfer transaction modes on the “non-grain” of farmland, and the second is to analyze the pathways through which the farmland transfer transaction modes affect the “non-grain” of farmland from the perspectives of identity transformation and the signing of written contracts.
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FIGURE 1
 The impact pathway of organized transfer trading on “non-grain” of farmland.




3 Materials and method


3.1 Data source

The data source used in this article is the China Rural Revitalization Survey conducted by the Rural Development Institute, Chinese Academy of Social Sciences. This survey is based on the major economic and social survey project of the Chinese Academy of Social Sciences, “Comprehensive Survey of Rural Revitalization and Establishment of China Rural Survey Database.” It focuses on important aspects of rural development such as “rural population and labor force,” “rural industrial structure,” “farmers’ income and social welfare,” “rural residents’ consumption,” “rural governance,” and “comprehensive rural reform.” The research team conducted the survey in 10 provinces (regions) including Guangdong, Zhejiang, Shandong, Anhui, Henan, Heilongjiang, Guizhou, Sichuan, Shaanxi, and Ningxia Hui Autonomous Region in August–September 2020. The distribution of surveyed provinces is shown in Figure 2. The survey data were obtained through stratified sampling. Firstly, considering factors such as economic development level, regional location, and agricultural development, one-third of the provinces were randomly selected from the eastern, central, western, and northeastern regions. Subsequently, within each province, all counties were ranked by per capita GDP and divided into five groups: high, relatively high, medium, relatively low, and low levels. One county was then randomly selected from each group, resulting in a total of 50 sample counties being surveyed. Following this, within each county, three townships (high, medium, and low economic development) were selected using the same method, and two villages with relatively good and relatively poor economic development were chosen from each township. Finally, based on the roster provided by the village committee, surveyors first ranked the households residing in the village, then selected 14 households at equal intervals using systematic random sampling, with 2 households serving as backups. The survey data covered 50 counties (cities) and 156 townships (villages) nationwide, obtaining a total of 306 village questionnaires and over 3,819 household questionnaires. Through stratified sampling, the CRRS data covers different types of agricultural development areas in China and holds representative significance. In addition, the database includes variables such as household characteristics, agricultural production behavior, land transfer behavior, and operational varieties, which meet the requirements of this study.

[image: Map of China highlighting research areas in blue and non-research areas in white. A legend shows the color coding. An arrow indicates north.]

FIGURE 2
 The distribution of sample data.




3.2 Variables

This article uses whether the household only operates grain crops to represent the “non-grain” of farmland, which is calculated based on the questions in the household survey regarding the planting structure. The farmer questionnaire inquired in detail about the types of crops planted by each farmer. The crop code table provided by the database includes three categories: the first category is grain crops, the second category includes crops such as cotton and peanuts, and the third category consists of vegetables and fruits. As this article focuses on the “non-grain” of farmland, the second and third categories are not grain crops. Therefore, these two types of crops are combined into one category. The classification of crops managed by households is divided into grain crops and non-grain crops. The specific variable setting is as follows: if economic crops are planted, the value is set as 1, and if only grain crops are operated, the value is set as 0. In the sample, 75.7% of households planted economic crops, while the remaining 24.3% of households only operated grain crops.

The explanatory variable in this study is the mode of farmland transfer in rural areas. In reality, due to organized collective land transfer being conducted on a village-wide basis, the usual method of land transfer is unified within the village. This means that when the village committee participates in land transfer, the entire village’s land is transferred through the village committee, and private land transfer transactions by individual households are prohibited. Conversely, if the village committee is not involved in farmland transfer transactions or if there is no farmland transfer platform established locally, all farmland transfer transactions are carried out through private transactions among farmers. Therefore, this study constructs the explanatory variable at the village level based on two questions: “Whether the village committee participates in farmland transfer through intermediaries, reverse leasing, etc.” and “Whether the village uses a farmland transfer trading platform.” If either of these questions is answered affirmatively, the farmland transfer mode in that village is classified as organized transaction; otherwise, it is classified as 0.

The mechanical variables in this paper are the identity of farmers and contract characteristics. Specifically, the identity of farmers is measured using two variables: whether the farmer is a professional large household or a family farm, and whether the farmer has joined an agricultural professional cooperative. The reason for using these two variables is that the way China is developing new agricultural management entities varies. In some regions, the focus is on registering large households as family farms, while in other regions, there is encouragement for large households to join agricultural professional cooperatives. The contract characteristics of farmland transfer by households include three variables: whether a contract is signed, whether the transfer lease period is determined, and the amount of rent.

The controlled variables include two aspects. Firstly, at the household level, the family’s irrigable area is considered. The primary reason for a household’s crop selection is the land quality, with irrigation conditions being an important indicator. Food crops, especially rice, have a high demand for irrigation, and insufficient irrigation conditions are the main reason why households turn to partially drought-resistant cash crops. Secondly, at the village level, we control for topographical features, total farmland area, contracted area, transfer area, and other transfer characteristics, as well as village leader characteristics, cooperative society, and average wages during peak farming seasons, which are variables that may influence a household’s crop selection. The village’s land characteristics directly impact a household’s grain yield, thereby affecting the household’s crop selection. Village governance characteristics can influence the supervision intensity of farmland use, and peak season wages are used to represent labor costs, reflecting the motivation for households to change the use of farmland. The descriptive statistics of the above variables are shown in Table 1.



TABLE 1 Descriptive statistics of variables.
[image: A table summarizes variables related to agricultural and village management, including definitions, numbers, means, and standard deviations. Variables cover topics such as cultivated crops, trading methods, location, terrain, age of village officials, land areas, agricultural wages, cooperatives, and contract details. Data metrics include quantities for each variable with corresponding means and standard deviations, providing statistical insights into village dynamics.]



3.3 Identification strategy

Firstly, this study constructs the following econometric regression model to evaluate the impact of farmland transfer transaction modes on farmers’ crop management:

[image: Equation representing a linear model: \(Y_i = \beta + \alpha G_i + \gamma M_i + \delta V_i + \epsilon_i\), labeled as equation (1).]

In Equation 1, [image: It looks like there was an issue with uploading the image. Please try uploading the image again, and I will help you generate the alternate text for it.] represents the crop managed by the farmer, where [image: It seems there was an issue with the image upload. Please try uploading the image again, and I'll be happy to help generate the alternate text for you.] = 1 indicates the farmer manages food crops, and [image: It seems there might be an issue with displaying the image. Please upload the image file directly or provide a URL to the image so I can assist you with generating the alt text.] =0 indicates the farmer does not manage food crops. [image: Mathematical notation showing the letter G with a subscript v.] represents the farmland transfer transaction mode in village v, where [image: The image contains a mathematical symbol representing \( G_v \).] = 1 denotes an organized transaction mode and [image: Mathematical notation displaying an uppercase letter "G" followed by a subscript lowercase letter "v".] = 0 denotes an informal transfer mode in the village. [image: Please upload the image or provide a URL for me to generate the alt text.] represents the control variables at the farmer level, and [image: Italicized letter "V" with a subscript "v".] represents the control variables at the village level. [image: Lowercase Greek letter beta symbol used in mathematics and science.] is the constant term, [image: Mathematical symbol denoting "element of" with a subscript "i".] is the error term that includes unobservable factors and random errors. The probit model is used to estimate Equation 1.

It should be noted that there may be endogeneity issues between the farmland transfer transaction modes and the crop management by farmers. On one hand, the farmers’ choice of farming and crop cultivation may be a result of self-selection, and the crop management variable may not satisfy random sampling. Equation 1 may suffer from selection bias due to non-random sampling. On the other hand, the factors influencing farmers’ crop selection are complex and difficult to fully control in the model. Other unobservable factors may simultaneously affect the village’s farmland transfer transaction modes and farmers’ crop selection, leading to estimation biases due to omitted variables. Instrumental variable method is a common approach to address endogeneity issues, therefore, before estimating Equation 1, this study first constructs the following econometric model:

[image: Mathematical equation labeled as equation two: \( G_v = \beta + \alpha Z_v + \delta V_v + \epsilon_i \).]

In the provided text, it states that [image: The image shows a mathematical notation consisting of the letter "Z" with a lowercase "v" as a subscript.] represents the instrumental variables, and [image: Lowercase Greek letter alpha symbol.] is the main parameter estimated in Equation 2. The study selects two variables as instrumental variables for the village’s farmland transfer transaction modes. The first variable is the distance between the village and the county government. The mode of farmland transfer transactions in the village largely depends on the policy constraints of the local government, and the policies implemented by the county government are not expected to have a direct impact on the crops managed by farmers. The second variable is whether the village is located in the outskirts. Villages in the outskirts are closer to cities and are more likely to be influenced by the organized transaction policies implemented by the Chinese government, thus choosing organized transaction modes. The study uses the ivprobit method for instrumental variable regression to address potential endogeneity issues. This method helps in controlling for endogeneity by using instrumental variables that are correlated with the endogenous explanatory variable but not with the error term. By applying the ivprobit method, the study aims to obtain more reliable and unbiased estimates by addressing the endogeneity problem that may exist between the farmland transfer transaction modes and the crop management by farmers.




4 Results


4.1 Baseline regression results

Table 2 presents the baseline regression results. We found that compared to villages engaging in free farmland transfer transactions, the proportion of households planting non-food crops in organized transaction villages decreased by 6.4%, and the result is statistically significant at the 1% level. Our conclusions support the findings of studies by Liu et al. (2018), Hong (2024), and Zhang and Du (2015), which suggest that the transfer of farmland can reduce the “non-grain” of farmland. This result indicates that the organized farmland transfer transaction method can effectively curb the trend of “non-grain” of farmland and increase the likelihood of households engaging in the cultivation of food crops.



TABLE 2 Baseline regression results.
[image: Table comparing variables related to cultivated crops across two columns. Key variables include trading methods, village terrain, and age of village secretary. Coefficients and standard errors are provided for each variable in parentheses. Significant levels are indicated by asterisks: * for p<0.1, ** for p<0.05, and *** for p<0.01. The number of observations is 2,378 for both columns.]

In terms of controlled variables, the more complex the topography of the village, the greater the likelihood of households engaging in the cultivation of cash crops, which aligns with our intuition and existing research results. Flat terrain can improve the efficiency and economies of scale of food crop cultivation, and reduce the cost of mechanized operations. In addition, the older the age of the village leader, the more likely it is to reduce the likelihood of households engaging in the cultivation of cash crops. This may be because older village leaders are more inclined to intervene in the village’s farmland transfer transaction method and household crop selection, encouraging households to engage more in the cultivation of food crops. This is because food crops have lower market risks, stable income, and are more conducive to meeting higher-level assessments of food security. In addition, higher peak season wages in the village increase the likelihood of households engaging in the cultivation of cash crops. The higher the wages, the greater the labor costs, and households are more likely to pursue cash crops with higher short-term profit margins to increase agricultural income.



4.2 Endogeneity

Although the baseline regression controlled for variables at the village and household levels that may affect the types of crops grown by households, the results may still suffer from potential endogeneity issues such as self-selection and omitted variable bias. Therefore, we used “whether the village is located in the suburbs” and “the distance between the village and the county government” as instrumental variables, and conducted a two-stage regression using the ivprobit model, with the results shown in Table 3. The results of the first stage show that the village being located in the suburbs has a significant positive effect on the village conducting farmland transfers in an organized manner, with statistical significance at the 1% level. Similarly, the distance between the village and the county government also has a significant positive effect on the village conducting farmland transfers in an organized manner, also significant at the 1% level, indicating that the instrumental variables meet the relevance condition. Additionally, the Wald test of exogeneity value is 0.89, significant at the 1% level, indicating that there is indeed an endogeneity issue with the village’s farmland transfer transaction method. Looking at the results of the second stage regression, after correcting for potential endogeneity bias, the organized transaction method still reduces the likelihood of households engaging in non-food crops by 6%. Furthermore, the model’s F value is 24.86, significantly greater than 10, and significant at the 1% level, indicating a strong correlation between the instrumental variables chosen and the core explanatory variables, with no weak instrumental variable problem. Compared to the baseline regression, the results of the ivprobit model are more reliable, suggesting that the baseline regression may have slightly overestimated the impact of the farmland transfer transaction method in reducing the likelihood of households engaging in cash crops by 6.4%.



TABLE 3 Regression results using the instrumental variable method.
[image: Table comparing variables across two categories: Trading methods and Cultivated crops. Located in suburbs shows a coefficient of 0.130 for Trading methods. Distance to county government is 0.009 for Trading methods, and −0.060 for Cultivated crops. Both models include control variables and village clustering standard error. Wald test of exogeneity is 0.89 for Cultivated crops. F value is 24.86. Constant terms are 0.855 for Trading methods and 0.810 for Cultivated crops. Observations total 2,378. Standard errors are in parentheses. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.]



4.3 Robustness

To further validate the robustness of the results, we re-estimated the levels of the explanatory and explained variables by adjusting the sample. The results are presented in Tables 4, 5. Firstly, we retained information for only 866 transferred plots and then estimated the crops cultivated on the transferred plots using the village’s farmland transfer transaction method. Although households may cultivate the same or similar crops on contracted and transferred plots to reduce costs, estimating only the transferred plots can help us more accurately identify the impact of the transaction method on crop selection. The results, as shown in the first column of Table 4, indicate that the organized transaction method can reduce the likelihood of households cultivating cash crops on transferred plots. To further precisely measure the organized transaction method, we replaced the transaction method of farmland transfer from the village level to the household level, estimating the transaction method adopted by the household for the transferred plot as the core explanatory variable. The results, as shown in the second column, indicate that adopting an organized transaction method also significantly reduces the likelihood of households cultivating cash crops. Finally, we retained only the samples of villages located in plain areas for the re-estimation, with the results presented in the third column. The results demonstrate that the effect of village farmland transfer transactions in reducing the cultivation of cash crops by households remains highly significant.



TABLE 4 Regression results for transferred plots and plain regions.
[image: Table showing regression results for cultivated crops in transferred plots across three models. Model 1 has a coefficient for trading methods of -0.057 with a standard error of 0.032; Model 2 has a personal trading method coefficient of -0.082 with a standard error of 0.038; Model 3 shows a trading methods coefficient of -0.072 with a standard error of 0.034. All models include control variables and village clustering standard error. Constant terms range from -3.492 to 0.037. Observations are 866 for Models 1 and 2, and 990 for Model 3. Statistical significance levels are noted.]



TABLE 5 Impact of different organizational trading methods.
[image: A table displaying regression results for cultivated crops. Two columns (1) and (2) show coefficients and standard errors in parentheses. Involvement of the village committee: -0.066 (***0.019) and -0.009 (0.032). Platform transaction not applicable in (1). Control variables and village clustering standard error are indicated as "YES" in both columns. The constant term (Cons) is 0.801 (***0.305) in (1) and 0.668 (**0.301) in (2). Observations total 2,378 in both cases. Stars denote significance levels: *p<0.1, **p<0.05, ***p<0.01.]

To further refine the impact of the farmland transfer transaction method, this study further distinguishes the organized farmland transfer transaction method into two categories: transaction through the village committee and transaction through a government-established platform. The results are shown in Table 5: compared with other transaction methods, conducting transactions through the village committee significantly reduces the likelihood of households cultivating cash crops, with a reduction of 6.6%. On the other hand, conducting transactions through the county-established farmland transfer platform has no effect on household crop choice. This indicates that the real reduction in the “non-grain” of farmland within the organized transaction method is attributed to the participation of the village committee.



4.4 Heterogeneity analysis

The above analysis indicates that organized transactions can reduce the probability of households cultivating cash crops. However, this is the average effect at the overall sample level and does not account for differences in geographical, institutional environments, and village types (Ma et al., 2015). In order to obtain more detailed research conclusions, we will group the data according to indicators such as terrain, the educational level of the village party secretary, whether the village party secretary also serves as the village director, and whether the village was classified as a poverty-stricken village before the completion of poverty alleviation, in order to further explore the heterogeneity of the impact of transaction methods on household crop cultivation.

Firstly, the robustness test results in plain areas show that the organized transaction method can reduce the likelihood of households cultivating cash crops by 7.2%, with statistical significance at the 5% level. The results in column (2) indicate that even in non-plain mountainous and hilly areas, the organized transaction method can reduce the likelihood of households cultivating cash crops. Although the impact in mountainous and hilly areas is smaller than in plain areas, the organized transaction method’s mitigation of the “non-grain” of farmland is significant under any terrain conditions.

Next, considering different village governance institutional environments. Under different governance conditions, the effectiveness of organized transactions may vary because the level of governance can influence the extent and actual effects of village committees’ involvement in farmland transfer transactions, as well as their supervision and management capabilities regarding farmland use. To this end, we grouped the data for regression analysis based on two indicators. The first is the educational level of the village secretary. Grouping was done based on whether the village secretary has a high school education, and the regression results are shown in columns (3) and (4). In the sample where the village secretary has a high school education, the organized transaction method can reduce the likelihood of households cultivating cash crops by 9.3%, with statistical significance at the 1% level. Conversely, in the sample where the village secretary does not have a high school education, the organized transaction method does not have a significant impact on household crop cultivation. This indicates that the human capital of the village secretary limits the governance performance of the village, thereby affecting the effectiveness of organized transactions. The second indicator is whether the village party secretary also serves as the village director. The regression results are shown in columns (5) and (6). In the sample where the village secretary serves as the village director, organized transactions can significantly reduce the likelihood of households cultivating cash crops, while in the sample where the village secretary does not serve as the village director, organized transactions have no effect. This suggests that the village secretary serving as the village director can better concentrate power and improve the governance capacity of the village (He and Wang, 2017).

Finally, we divided the sample into two categories based on whether the poverty alleviation work was completed before. The purpose of this grouping is to consider that poverty-stricken villages may relax their supervision of farmland use in order to improve their economic development and focus on increasing short-term agricultural profits. The results are shown in columns (7) and (8). The impact of organized transactions in reducing the likelihood of households cultivating cash crops is significant in both poverty-stricken villages and non-poverty-stricken villages samples, indicating that the reduction of “non-grain” of farmland by organized transactions is not constrained by the economic development level of the village (Table 6).



TABLE 6 Estimated results of heterogeneity analysis.
[image: Regression table showing the impact of trading methods on cultivated crops across eight models. Each model includes control variables and village clustering standard error. Coefficients for trading methods range from -0.001 to -0.093, with varying significance levels. Constants and observations differ per model, with observations ranging from 579 to 1,793. Standard errors are in parentheses, and significance levels are denoted by asterisks: * p<0.1, ** p<0.05, *** p<0.01.]



4.5 Pathways analysis

To elucidate the impact of farmland transfer transaction methods on the “non-grain” of farmland, this study analyzes from two perspectives: the transformation of household identity and contract characteristics. The results are shown in Table 7. The results in column (1) indicate that the organized transfer transaction method significantly increases the likelihood of households becoming family farms or professional large-scale farms, with an increase of 8.2%. The results in column (2) demonstrate that the organized transfer transaction method also significantly increases the likelihood of households joining professional cooperatives, with an increase of 8.4%. This suggests that the organized transfer transaction method can change the identity of households, reducing the likelihood of them engaging in cash crop cultivation by encouraging them to become new types of agricultural operators. This conclusion is similar to that of Zhang and Du (2015). Column (3) presents the regression results for the transaction method’s impact on households signing formal written contracts, showing that the organized transaction method significantly increases the probability of households signing formal written contracts by 45.8%. Column (4) presents the results of the transaction method’s impact on whether households agree on the lease term, indicating that the organized transfer transaction method significantly increases the probability of households agreeing on the lease term by 41.4%. The above regression results indicate that the organized transfer transaction method can increase the likelihood of households signing formal transfer contracts, thereby restricting private “non-grain” of farmland through improved contracts. This conclusion complements the findings of Li and Qin (2022), whose research discovered that the signing of formal contracts can break the demand dilemma of farmland transfer, thereby expanding the scale of the farmland transfer market.



TABLE 7 Estimated results of pathway analysis.
[image: A regression analysis table with four columns representing different variables: New agricultural management entities, Agricultural cooperative, Contract signing, and Rental period. Each column shows coefficients for Trading methods with significant levels marked by asterisks, alongside control variables and village clustering standard errors noted as "YES." Cons values are listed as 0.367, 0.291, 0.226, and -1.334. Observations count as 2,378, 2,378, 1,223, and 1,220 respectively. Standard errors appear in parentheses. Significance levels are denoted by asterisks: * at 0.1, ** at 0.05, *** at 0.01.]




5 Discussion


5.1 Discussion of findings

The large-scale emergence of “non-grain” land use phenomena poses a threat to China’s food security objectives and the process of agricultural modernization (Wong and Huang, 2012; Bishwajit et al., 2013; Ghose, 2015). In response, the Chinese government has actively promoted the transfer of arable land, attempting to concentrate land through land transfer to leverage economies of scale and increase the proportion of grain cultivation. However, the relationship between the transfer of farmland and the phenomenon of “non-grain” of farmland has always been a matter of debate. Macroscopically, this approach has yielded certain benefits. The China Statistical Yearbook indicates that from 2003 to 2016, the proportion of grain sowing area in the total crop sowing area in China increased from 65.22 to 71.42%. However, from a micro perspective, a multitude of scholars have found that the phenomenon of “non-grain” land use has not been alleviated. In areas where regulatory costs are excessively high, the phenomenon of large-scale land abandonment or conversion to cash crops is rampant, and macroeconomic statistical data may have underestimated the extent of “non-grain” land use (Liu et al., 2014; Otsuka et al., 2016; Zeng, 2015). Does the transfer of farmland lead to “non-grain” land use or does it alleviate it? There is ongoing debate within the academic community on this issue, making it essential to explore the causal relationship between the two through empirical research. This paper aims to conduct an empirical analysis of the impact of farmland transfer on the “non-grain” of farmland, which is of significant importance for clarifying this contentious issue and for defining the direction of future policy.

In order to elucidate the impact of farmland transfer on the “non-grain” of farmland, this paper utilizes CRRS data to conduct an empirical analysis of the relationship between the two. We categorize the transfer of farmland into two types: one is the private, free transfer transactions between farmers, and the other is the organized transfer transactions through the village committee and the farmland transfer trading platform. The study finds that, compared to villages with free farmland transfer transactions, the proportion of farmers planting non-grain crops in villages with organized transactions decreased by 6.4%. Our conclusion is contrary to the research findings of Chen et al. (2014) and Zeng (2015), whose studies found that the transfer of farmland increased the likelihood of “non-grain” land use. Our conclusion supports the notion that the transfer of farmland reduces the “non-grain” phenomenon of farmland. Our research also differs from the results of Ma and Guangsi (2023) and Yao et al. (2024), whose studies found a U-shaped relationship between the transfer of farmland and the “non-grain” phenomenon of farmland. Similar to our research conclusion, Liu et al. (2018) found that the transfer of farmland reduced the proportion of farmers planting non-grain crops by 1.51%. The reason for the different conclusions lies in the fact that both the studies supporting the increase in “non-grain” land use due to the transfer of farmland, such as those by Chen et al. (2014) and Zeng (2015), and the studies by Liu et al. (2018) that believe the transfer of farmland can reduce the degree of “non-grain” land use, did not distinguish the methods of farmland transfer. In their studies, the treatment group consists of farmers who have transferred their land, while the control group consists of ordinary small farmers who have not transferred their land. Therefore, the reason for their opposite conclusions is likely due to the different proportions of organized transactions in the treatment group, that is, among the farmers who have transferred their land. When the sample includes more farmers who have transferred their land through private transactions, the transfer of farmland may increase “non-grain” land use or have no effect; when the sample includes more farmers who have transferred their land through organized transactions, the transfer of farmland reduces the degree of “non-grain” land use.

In fact, our study is likely a complement and further analysis of the research by Zhang and Du (2015), demonstrating the impact of farmland transfer on “non-grain” in a more general sense. They utilized monitoring data from 1740 family farms in China to analyze the relationship between farmland transfer and “non-grain” finding that the larger the scale of transferred arable land, the higher the proportion of non-grain crops planted. They discovered that the transfer of arable land led to an average decrease of 35.99% in the planting proportion of non-grain crops, a significant reduction likely due to their focus on new types of agricultural operators. Family farms typically transfer land through organized transactions because negotiating with small farmers for a large amount of land through free transactions would be too costly. Our study extends the research subjects from family farms to all types of farmers and finds that organized transactions can reduce the proportion of “non-grain” farmland. Our research also indicates that one of the reasons organized transactions reduce the “non-grain” proportion of arable land is that they promote the transformation of farmers’ identities. Small farmers transfer land and leave agriculture, while more capable farmers transfer large amounts of land to become new types of agricultural operators, leveraging economies of scale. Therefore, the evidence we provide on the impact of farmland transfer on “non-grain” is more reliable.



5.2 Policy implications

To curb the “non-grain” of farmland, considering the reality of China’s traditional smallholder economy, the Chinese government has chosen a solution that involves concentrating land through the land transfer market. However, the uneven effectiveness in practice has aroused academic attention to this issue. Since the policy goals have not been fully achieved, some scholars believe that land transfer is not the correct policy direction and instead encourage the use of socialized services and the maintenance of dispersed operations, with enhanced regulatory measures to curb the “non-grain” of farmland. Nevertheless, this paper argues that land transfer remains an important means to address the “non-grain” of farmland and ensure food security. The issue lies in how the land transfer is conducted. Specifically, the traditional private transfer between farmers does not help solve the problem of “non-grain” of farmland. What we need is a land transfer with deep involvement from the government and village committees, and the participation of third parties to strengthen the transformation of farmers’ identities and reduce the cost of regulating the use of farmland, thereby alleviating the “non-grain” of farmland.

The findings of this paper indicate that the Chinese government’s previous policy direction to curb the “non-grain” of farmland was to strengthen regulatory measures and increase the rate of land transfer. However, the increase in the land transfer rate has not been effective, and regulation comes with excessively high costs and a lack of effective means. The policy implications of this paper suggest that limiting the “non-grain” of farmland cannot rely solely on increasing the rate of land transfer; it also requires the standardization of the land transfer market. By encouraging greater participation of village committees in land transfer, promoting a more organized land transfer transaction process, facilitating the transformation of farmers’ identities, cultivating new types of agricultural operators, and leveraging the advantages of economies of scale. Moreover, through the signing and enforcement of contracts in organized transactions, the supervisory and managerial role of the village collective can be utilized to clarify the intended use of transferred land, and through management constraints and technological means such as drones, to monitor and manage the use of farmland in accordance with contract specifications.



5.3 Limits of the study and future research

There are two main limitations in this study. The first limitation is that the CRRS data we used only includes data up to the year 2020, which means we cannot observe the changes in the land transfer transaction methods of the same farmers over time and their long-term impact on the “non-grain” phenomenon of farmland. Moreover, although we employed the ivprobit method to minimize potential estimation biases that might arise from this factor, the cross-sectional nature of the data means we cannot use fixed effects to eliminate the influence of unobservable disturbances that do not change over time. The second limitation is due to the constraints of the variables available in the database, which prevent us from examining the impact of organized transaction methods on the details of farmland transfer contracts. We are unable to observe how village committees and government departments regulate the use of farmland, the frequency of regulation, and other mechanisms that directly affect the “non-grain” phenomenon of farmland. If we could understand how the transaction methods of farmers change over time and how these changes promote the regularization of farmland transfer, it would provide a better explanation of the relationship between farmland transfer and the “non-grain” phenomenon of farmland.

As practice and research continue to deepen, the relationship between the transfer of farmland and the “non-grain” phenomenon of farmland is attracting increasing attention from scholars (Qiu and Luo, 2022). If more detailed farmer survey data become available in the future, providing detailed information on each plot of land transferred by farmers, including the method of land transfer transaction, the crops planted before and after the transaction, the way contracts are signed, the duration, the transaction parties, and whether the village committee and government departments supervise the use of farmland and the methods of supervision, it would be possible to clarify the development process of the farmland transfer market, as well as the relationship between government involvement and agricultural development that accompanies it. At that time, we would be able to better understand the causal relationship between the transfer of farmland and the “non-grain” phenomenon of farmland, and provide some reference for agricultural policies in other developing countries in Southeast Asia and Africa with similar land systems.




6 Conclusion

To clarify the controversial issue of the impact of farmland transfer on the “non-grain” of farmland in academia, this paper systematically analyzes the influence of farmland transfer transaction methods on “non-grain” cultivation using the sample data of 306 villages and 3,819 farmers provided in the CRRS data. It deeply analyzes the mechanisms by which organized transfer transactions affect the “non-grain” status of arable land from two perspectives: the transformation of farmers’ identities and the formalization of contracts. It further explores the different impacts of organized transfer transactions under various rural governance systems, providing a new policy perspective for curbing “non-grain” cultivation. Specifically, this paper has three main findings. Firstly, the study found that, compared to villages where farmland transfer transactions are conducted freely, the proportion of farmers in villages with organized transactions planting non-grain crops decreased by 6.4%. After addressing endogeneity using the ivprobit model, changing the levels of the dependent and independent variables, and further distinguishing the methods of farmland transfer transactions, the role of organized transactions in reducing the “non-grain” of farmland remains highly significant. The first research hypothesis of this paper is thus validated.

Secondly, the study found that the method of farmland transfer transactions not only affects the “non-grain” of farmland but also increases the likelihood of farmers becoming family farms and joining cooperatives. By transforming the identity of farmers, it raises the possibility of farmers engaging in the cultivation of grain crops. Moreover, organized transfer transactions can also increase the likelihood of farmers signing formal written contracts and agreeing on lease terms, thereby restricting private “non-grain” behavior of farmland through the perfection of contracts. The second research hypothesis of this paper is also verified.

Finally, considering the differences in village governance systems, this paper examines the role of farmland transfer transaction methods under various institutional environments. The research results indicate that in situations where the human capital of the village committee secretary is higher and the village committee secretary also serves as the village head, the role of organized transaction methods in reducing the “non-grain” of farmland is more pronounced.

This finding suggests that the governance structure and the capabilities of the village leadership can significantly influence the effectiveness of organized farmland transfer transactions. When the village committee secretary possesses higher human capital or holds dual roles, it may enhance the ability to implement and oversee organized land transfer transactions, which in turn can more effectively curb the “non-grain” of farmland. This insight provides a valuable perspective for policymakers and practitioners on how to leverage village governance to support agricultural sustainability and food security.
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Sustainable agriculture involves complex interactions among social, economic, and ecological dimensions, each with distinct interests and goals. Achieving sustainable agricultural development is challenging and requires a comprehensive response. This study focuses on Indonesia’s garlic production, employing a systems thinking approach to provide a holistic understanding of the interconnected factors influencing sustainable agricultural systems. We utilized the first two steps of the five-step systems thinking methodology—problem articulation and the formulation of dynamic hypotheses. This process involved developing a causal loop diagram (CLD) to represent the dynamic hypotheses and identifying system archetypes to determine leverage and potential intervention points. Our analysis identified three system archetypes—Drifting Goals, Fixes that Fail, and Limit to Growth—as key patterns influencing the sustainability of garlic production. The Drifting Goals archetype reveals that efforts to boost local garlic stock in Indonesia are hindered by the allocation of garlic for seeds, due to the lack of a clear distinction between garlic for consumption and seed. The Fixes that Fail archetype illustrates the long-term detrimental effects of short-term agricultural practices, such as the overuse of chemical fertilizers and pesticides. The Limit to Growth archetype underscores the critical need for enhanced market access and a shift in consumer preferences to sustain garlic farming. To address these challenges, we recommend establishing clear distinctions between garlic for consumption and seed production, developing the seed industry, promoting integrated pest management, and reducing reliance on chemical inputs through environmentally friendly technology. Additionally, ensuring market and price stability is vital to maintain farmers’ interest in garlic cultivation. Therefore, the government should prioritize market penetration for local garlic and consistently enforce import restrictions to ensure the sustainability of garlic production in Indonesia.
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1 Introduction

Sustainable agriculture refers to a human endeavor that involves the production of food and fiber to fulfill the requirements of both current and future generations. It efficiently utilizes resources, prioritizes profitability and well-being, and promotes social and economic equity. It can also be interpreted as a condition of self-sufficiency over time, the ability to produce sufficient and high-quality food ingredients according to people’s tastes, and provide profitable farming for farmers. Sustainable agriculture involves the implementation of environmentally friendly technology in accordance with the carrying capacity of the environment and building a strong local economy and effective governance (Talukder et al., 2020; Zhang et al., 2021; FAO, 2022; Zhang et al., 2022). It can offer a vital contribution to poverty reduction and food security (Talukder et al., 2020; Volkov et al., 2022) as well as being key in conserving natural resources, protecting the environment, and supporting rural revitalization (Zhang et al., 2022).

Sustainable agriculture encompasses complex issues involving interactions between social, economic, and ecological dimensions. Although each of these dimensions pursues distinct interests and goals, a comprehensive approach for their holistic resolution is needed (Talukder et al., 2020; Nadaraja et al., 2021; Zhang et al., 2021). Ecological sustainability is crucial in sustainable agricultural development due to its relation to efficient utilization of natural resources, mitigation of disasters and environmental degradation, biodiversity preservation, and mitigation of greenhouse gas emissions (Sarkar et al., 2021; Zhang et al., 2021). Sustainable agriculture increases economic viability by increasing productivity and profits through promoting agricultural innovation, providing access to markets and credits for farmers, enhancing farmers’ risks management, and reducing food losses in the supply chain (Zhang et al., 2021). Sustainable agriculture improves rural social stability through farmer welfare and equitable treatment. It also improves the food security system, improves nutrition and public health (Nurmalina, 2017; Zhang et al., 2021). Gaining a better understanding of these three dimensions, including their mutual influences and trade-offs, can improve the decision-making process, thereby increasing the ability to contribute to the achievement of sustainable development goals (Gómez Martín et al., 2020).

Assessing agricultural sustainability in a way that can provide a holistic picture of the complex, interconnected, and synergistic systems among the dimensions of sustainability is necessary to determine how sustainability in agriculture can be achieved. One approach that can be utilized is systems thinking. It can provide a comprehensive view for the study of a problem with complex, dynamic, and probabilistic characteristics (Braun, 2002; Brzezina et al., 2017). Behavior structures or patterns can be holistically clarified by combining paradigms, knowledge, and tools. It can explain how the feedback mechanism works between factors that cause problems in a system and identify effective interventions to overcome these problems (Brzezina et al., 2017; Ali et al., 2021).

Various studies have applied the systems thinking approach to analyse issues within the agricultural sector, such as research on agri-food value chains in beef, chilli, garlic and mango (Alizadeh et al., 2020; Kiloes et al., 2023; Kiloes et al., 2024a; Muflikh et al., 2021), impacts of climate change on rice production (Khairulbahri, 2022), development of organic agriculture, beef farming, and rubber production system (Setianto et al., 2014; Brzezina et al., 2017; Ali et al., 2021). The systems thinking approach has also been applied in research on sustainable agriculture (Mashamaite et al., 2024). However, there remains a gap in studies that comprehensively integrate all three dimensions of sustainability—economic, ecological, and social—using this approach. This approach offers a comprehensive understanding of the behavior and performance of sustainable agricultural development systems. In this study, we use garlic production development in Indonesia as a case study due to the complexity of the issues at hand.



2 Indonesian garlic sustainable production as a case study

In Indonesia, garlic stands as a pivotal agricultural commodity essential for daily culinary preparations, food industry, and herbal medicines, characterized by its irreplaceable qualities. Due to the substantial quantities demanded, it holds the potential to exert an impact on national inflation when its prices surge (Amanda and Syaukat, 2016; Saptana et al., 2021). In 2022, the average garlic consumption per capita in households was 2.02 kg per year (Ministry of Agriculture, 2023), therefore the Indonesians’ community demand amounted to 560 thousand tons, excluding the requirements for seeds, the food industry, and herbal medicine. Statistical data shows that garlic consumption in 2022 reached 594 thousand tons (Ministry of Agriculture, 2023). However, domestic production in 2022 was 30.19 thousand tons, which only met 5% of Indonesia’s garlic demand. As a result, more than 95% was fulfilled by imports. Notably, Indonesia’s garlic imports for the same year surged to 574.21 thousand tons, valued at USD 597.8 million (FAOSTAT, 2023). This makes Indonesia the world’s largest importer of garlic, accounting for about 24% of the total global import volume (FAOSTAT, 2023). Consequently, to decrease reliance on imports the Indonesian government has taken steps to increase production through the national garlic development program since 2016. Furthermore, the government has enacted regulations regarding mandatory garlic planting for importers as one of the requirements for obtaining import permits (Kiloes et al., 2021; Sayaka et al., 2021). However, the goal to increase garlic production has not been achieved, and instead, production has tended to decline. The garlic production in 2022 was 30.19 thousand ton, decrease of 33% compared to 2021 that reached 44.64 thousand tons, and decreased 63.09% compared to 2020 that reached 81.80 thousand tons. Moreover, only approximately 30% of the mandatory garlic planting by importers was actualized in 2020 and 2021 (Sayaka et al., 2021; Indonesian Statistics, 2022).

In addition to decreases in harvested area and production volume, several issues related to sustainability dimensions also contributes as significant threats to garlic production long-term sustainability. Economically, garlic farming encounters profitability challenges, inefficient production costs, and suboptimal technical practices (Rahmawati and Jamhari, 2019; Sayaka et al., 2021; Wardani and Darwanto, 2019; Waryanto et al., 2019). These economic issues, in turn, affect the social dimension as they discourage farmers from continuing garlic cultivation and drive them to shift to other agricultural commodities. Moreover, there is a lack of enthusiasm among farmers to re-participate in garlic development programs (Sayaka et al., 2021). There are also signs of ecological sustainability issues such as improper ways in new land opening in upland areas. These actions disregard the principles of sustainable development, neglect biodiversity conservation, potentially affect regional climates, and fail to address the potential threats of erosion and landslides in the future (Cole et al., 2021; Krustiyati et al., 2021; Reside et al., 2017; Septiyan and Soemarno, 2019; Zhang et al., 2021). Furthermore, land degradation and inappropriate cultivation techniques, which do not consider climate and land capabilities, also contribute to the low productivity of garlic (Rahmawati and Jamhari, 2019; Septiyan and Soemarno, 2019; Muslim and Mulyani, 2019).

Based on the explanation above, efforts to increase garlic production in Indonesia still face complex problems. Conversely, the annual demand for garlic is experiencing an upward trend. Therefore, developing new concepts and strategies to build resilience and adaptive sustainable garlic production becomes imperative (Zhang et al., 2021). This requires a multifaceted approach that not only addresses the immediate challenges of increasing production but also incorporates long-term strategies for sustainability (Talukder et al., 2020). A resilient garlic production system ensures a reliable supply of garlic, thereby reducing dependency on imports and ensuring that garlic remains accessible and affordable. Additionally, it will also support the livelihoods of farmers and sustain production. By fostering a resilient and adaptive garlic production system, Indonesia can create a sustainable agricultural sector that not only meets the current demand but is also prepared for future challenges, ensuring long-term food security for its population.



3 Method

This study utilized two of the five steps in the systems thinking approach, focusing on the qualitative aspect. The first step, problem articulation, involves selecting a theme, defining key variables, and identifying dynamic problems. The second step, formulating dynamic hypotheses, involves constructing a causal loop diagram (CLD) derived from the initial hypothesis, key variables, reference literature, and other relevant data. Furthermore, focuses on identifying the problematic feedback loops that define the system archetypes, which is crucial for proposing effective intervention strategies. The remaining three steps—model testing, policy design, and policy evaluation—constitute the quantitative aspects of the approach and were not performed in this study (Ali et al., 2021; Kiloes et al., 2024a,b; Muflikh et al., 2021; Sterman, 2000). The workflow of the systems thinking method used in this research is outlined in Figure 1.
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FIGURE 1
 The workflow of system thinking method used in this research (Ali et al., 2021; Kiloes et al., 2024a).



3.1 Problems articulation

The problem articulation was conducted based on review of the literature and secondary data, focus group discussions (FGDs), and stakeholder interviews (Ali et al., 2021; Kiloes et al., 2024a,b; Muflikh et al., 2021). We sourced secondary data from multiple authoritative sources to analyze historical trends in garlic production and imports in Indonesia from 1996 to 2022. Production data were obtained from the Ministry of Agriculture of the Republic of Indonesia, while information on the volume of garlic imports was collected from FAOstat. This data was used to create graphical visualizations illustrating these trends over that period. These visualizations, alongside data from interviews and focus group discussion (FGD), provide a comprehensive context for understanding the identified issues.

Conducting interviews with relevant stakeholders across different levels is an effective method for identifying system issues, as each stakeholder may possess different understandings and perspectives (Sterman, 2000). Therefore, it is crucial to ensure that the sampling selection is conducted accurately. The stakeholders who were interviewed as key respondents were chosen through purposive sampling, taking into account their ability, reputation, expertise, experience, knowledge, and interest related to garlic agribusiness and production in Indonesia. A total of 60 key respondents, representing diverse stakeholders in garlic agribusiness, participated in this study (Table 1). These participants took part in in-depth interviews and focus group discussions (FGDs).



TABLE 1 Participants involved in this study.
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To identify problems at the national level, we interviewed representatives from the Directorate General of Horticulture and researchers from the Horticulture Research and Development Center—two organizations under the Ministry of Agriculture that are crucial for garlic development. At the regional level, we conducted interviews with key respondents from garlic production centers in Temanggung, Magelang, and Karanganyar Districts in Central Java. These respondents included representatives from the Horticulture Division of the Agriculture and Food Department, agricultural extension officers, seed producers, and traders. We also organized FGDs in each district, involving farmers’ group coordinators who either lead farmers cultivating garlic independently or participate in both the government’s development program and the mandatory importer planting program. We conducted six Focus Group Discussions (FGDs), three FGDs in Temanggung, two in Magelang, and one in Karanganyar, with five to six participants in each FGD. These coordinators are considered capable of representing farmers, identifying issues, and providing further insights into garlic production problems.

In both the interviews and FGDs, we used the same set of questions to guide the identification of problems, their causes, and potential solutions for increasing garlic production. Key respondents were also asked about their roles in garlic agribusiness, their views on the garlic development program, and the interventions that have been made. These activities were recorded and transcribed to extract information for each sustainability dimension and indicators. Determination of sustainability dimensions and indicators were based on previous research conducted by Bathaei and Štreimikien (2023) and Puspitasari et al. (2023). The complete interview guidelines is presented in Appendix 1.

Securing ethical approval for human research is essential for any study involving human subjects, as it guarantees the protection of participants’ rights, dignity, and well-being throughout the research process (Kiloes et al., 2024b). Accordingly, we obtained institutional approval for human research ethics before commencing our study to ensure compliance with ethical standards and guidelines. This process required us to submit our research proposal to the relevant ethics committee, which thoroughly reviewed and evaluated our study to confirm its adherence to ethical principles. The ethics committee of The National Research and Innovation Agency, Indonesia, through their letter (number: 341/KE.01/SK/06/2023), approved the information sheets and consent form, detailing the purpose of the research and the rights of the participants for this research.



3.2 Formulation of dynamic hypothesis

Information obtained from the previous activities then transformed into variables that will be used in the causal loop diagram (CLD). The CLD visualizes the relationships among variables, explains the feedback structure within the system, illustrates how they are interconnected, and explains how problematic system behaviors emerge (Sterman, 2000; Saeed, 2018). System archetypes illustrate the behavior patterns of the system over time (Akers et al., 2015; Brzezina et al., 2017; Muflikh et al., 2021). CLD also function as hypotheses, forecasting how a system’s behavior might alter in response to specific changes (Ali et al., 2021). System archetypes identified from the developed CLD facilitated the identification of potential intervention points within the garlic production system that could address the concerning decline in sustainable garlic production.


3.2.1 Causal loop diagram (CLD) development

The CLD comprises of three main elements: variables, causal links, and feedback loops (Paterson and Holden, 2019). Information from interviews help to determine the variables that used in the CLD (Sterman, 2000). Variables are linked by causal links, that can explain the influences between variables represented by positive (+) or negative (−) signs. Positive signs represent where any changes in A result in a corresponding change in B. Conversely, a negative sign represents a condition where changes in A result in an opposite effect on B (Sterman, 2000). Causal links can form feedback loops. If the negative (−) causal links in the loop are an even number or all the links in the causal loop have a positive sign (+), it is referred to as Reinforcing (R). Meanwhile, if the number of negative (−) causal links in the loop is odd, it is referred to as Balancing (B). The reinforcing loop (R) shows a snowball effect, which means it increases continuously or continues to decrease, while the Balancing loop (B) demonstrates an equilibrium effect (Sterman, 2000). In this study, the CLD was constructed using Vensim®PLE.7.3.5 software (Jagustović et al., 2019; Mashamaite et al., 2024).

Within CLD, the presence of a delay mark (//) symbolizes that there is a time lag between the influence of one variable on another. It indicates that an action necessitates a specific duration to generate a subsequent reaction or impact within the system (Brzezina et al., 2017; Gómez Martín et al., 2020). Additionally, variables enclosed in angle brackets represent ‘shadow variables,’ which are duplicated versions of an existing variable to prevent overlapping causal links. Shadow variables only have an influencing function, but are not influenced.

The development of CLD started with developing three different CLDs representing submodels of each sustainability dimensions. These CLDs facilitated a better understanding of how indicators in each sustainability dimension influence the performance of garlic production. Subsequently, these three CLDs were merged into one comprehensive CLD, illustrating the entire sustainable garlic production system.



3.2.2 System archetypes identification

The next phase is identifying system archetypes to inform recommendations for improving the performance of sustainable garlic production in Indonesia (Sterman, 2000; Muflikh et al., 2021; Kiloes et al., 2023). System archetypes are visual descriptions of common and repetitive system structures (Branz et al., 2021; Braun, 2002). Analyzing system archetypes can facilitate the identification of the system’s leverage points and determine potential intervention points (Braun, 2002; Senge, 2006; Branz et al., 2021). The relationship between the behavior and the structure will be clarified by identifying system archetype behavior over time, which can be graphed or expressed in a narrative. This enables the proposal of effective, well-defined generic solutions to resolve the undesirable archetypical behavior (Brzezina et al., 2017).





4 Results and discussion


4.1 Problem articulation

We have organized the problems identified through interviews and discussion with key respondents, complemented by a review of pertinent literature, into the three dimensions of sustainability (ecology, economy, social). In each dimension, we included their respective indicators and defined the problems. The classification of indicators into their respective sustainability dimensions followed the frameworks proposed by Puspitasari et al. (2023) and Bathaei and Štreimikien (2023). In the ecological dimension, the variables encompass elements that impact the garlic cultivation environment and, conversely, how garlic cultivation affects the environment. The economic dimension focuses on variables related to the profitability of garlic farming, including technological factors that significantly contribute to increasing productivity and efficiency. In the social dimension, the indicators include institutional and policy variables aimed at enhancing farmer well-being and ensuring the garlic needs of the community are met. The group of problems identified can be seen in Table 2.



TABLE 2 Problems in Indonesian garlic production grouped based on the sustainability dimensions and indicators.
[image: Table listing problems related to garlic cultivation across three dimensions: Ecology, Economy, and Social. Ecology issues include land suitability and water availability. Economy issues cover productivity and risk levels. Social issues involve labor and consumer preferences. Each problem is detailed with specific indicators and definitions.]

Respondents identified imported garlic as a major factor contributing to declining garlic production in Indonesian production centers. This observation aligns with Figure 2, which illustrates the trend. In 1996, Indonesia achieved garlic self-sufficiency, producing 152,421 tons from 21,896 hectares, with imports accounting for less than 10% of demand (Ministry of Agriculture, 2020). However, garlic imports started to rise after free trade implementation in 1998, and the ASEAN-China Free Trade Area (ACFTA) agreement in 2006, with a 0% import duty rate on garlic, led to a significant increase in garlic imports in 2008, surging by 25% compared to the previous year (Yovirizka and Haryanto, 2020). The dominance of imported garlic in the domestic market can be attributed to its superior appearance, which has larger bulb and clove size, and comparatively lower price. Consequently, imported garlic flooded the Indonesian market, displacing local garlic and negatively impacting local farmers’ businesses, as prices plummeted. This situation led farmers to switch to more profitable crops, resulting in a decrease in the area of garlic cultivation in Indonesia (Kiloes et al., 2024a; Sayaka et al., 2021; Septiana et al., 2022).

[image: Line graph showing production and import of a commodity from 1996 to 2022. Blue line represents production, remaining below 100,000 tons, with a slight increase after 2016. Orange line shows imports, rising significantly from 1998, peaking over 600,000 tons in 2020.]

FIGURE 2
 The gap between the production and import of garlic in Indonesia from 1996 to 2022 (Indonesian Statistics, 2022; FAOSTAT, 2023).


Garlic imports in Indonesia steadily rose by an average annual growth rate of 9.99% from 1996 to 2022, even after import restrictions were introduced in 2013. The import volume increased almost tenfold from 59.89 thousand tons in 1996 to 574.21 thousand tons in 2022. In contrast, garlic production declined over the same period, with a decrease in harvested area until 2018. However, production in 2019 saw a significant increase due to a garlic development program, reaching 88.82 thousand tons from 12,280 hectares. Despite this, production levels remained below 1996 levels, resulting in continued reliance on garlic imports (Indonesian Statistics, 2022). This inconsistency in import restrictions has led to a growing gap between garlic production and import volumes.



4.2 Formulation of dynamic hypothesis

The developed CLD provides insights into the system’s behavior and system archetype identification serves as a valuable tool for identifying leverage factors and long-term consequences of policies (Braun, 2002; Senge, 2006; Muflikh et al., 2021; Kiloes et al., 2023). The determination of the intervention points from the identified leverage factors is significant because it ensures that the interventions are not misdirected and avoid unintended consequences (Braun, 2002; Muflikh et al., 2021). These intervention points represent opportunities for implementing structural changes that can achieve sustainable alterations in the garlic production system’s behavior.


4.2.1 Ecology subsystem

The CLD that represents the ecology subsystem is presented in Figure 3. It explains planting area and productivity as factors that influence Indonesian garlic production, including all indirect influencing factors. Planting areas were negatively influenced by the conversion of agricultural land to non-agricultural purposes. Conversely, the land suitability for garlic and new land opening has a positive effect on the garlic planting area. On the other hand, productivity is influenced by soil fertility, pests, diseases, and climate.

[image: Flowchart illustrating the relationships affecting garlic production. Key factors include planting area, land conversion, biodiversity loss, soil fertility, and pest resistance. Arrows indicate influence among elements, such as chemical and organic fertilizers on productivity and land degradation.]

FIGURE 3
 Ecological subsystem of garlic production in Indonesia.


Several feedback loops including two reinforcing (R1–R2) and three balancing (B1–B3) loops were identified. Farmers use chemical fertilizer as a source of nutrients to improve soil fertility, to supports plant growth and increases productivity. The decrease in garlic productivity due to decreased soil fertility was overcome by applying of chemical fertilizers (B1). However, the excessive application of chemical fertilizers, beyond recommended levels, can lead to long-term soil compaction and degradation, which ultimately reduces garlic productivity (R1). This aligns with previous research indicating that these practices adversely affect critical soil properties, including permeability, drainage, aeration, water availability, nutrient absorption, and overall plant growth (Massah and Azadegan, 2016; Kusumarini et al., 2020). Many farmers who do not adopt recommended improved farming practices often rely excessively on chemical pesticides. This reliance manifests in frequent pesticide spraying as a preventive measure against pest attacks. Additionally, when faced with declining productivity due to pests and plant diseases, farmers tend to increase pesticide application frequency, disregarding recommended doses (B2). These findings substantiate previous studies by Rahmawati and Jamhari (2019) and Wardani and Darwanto (2019), which observed similar trends. In some cases, farmers mix multiple chemical pesticides without considering the active ingredients. The accumulated use of chemical pesticides over time can lead to pests developing resistance. This resistance, in turn, can increase pest populations, the emergence of secondary pests (resurgence), and the unintended killing of natural enemies (Rahmawati and Jamhari, 2019), which will eventually attack the plant and its productivity (R2). Balancing loop B3 showed that, the accumulated use of chemical pesticides also leads to environmental pollution, especially in soil. The active ingredients found in pesticides can affect the nutrient balance or soil acidity, ultimately resulting in a reduction in soil fertility and plant productivity (Kusumarini et al., 2020).

Land degradation from erosion, particularly prevalent in upland garlic cultivation areas, is exacerbated by farmers constructing beds along slopes. Some farmers have implemented erosion-mitigation measures, including using plastic mulch, crop rotation, intercropping, planting grass and deep-rooted crops, and building terracing. While plastic mulch offers various benefits like water conservation and erosion control, cost and environmental concerns arise. Biodegradable plastic mulch adoption can address these issues, preserving productivity and reducing environmental pollution (Sharma and Bhardwaj, 2017).

Another ecological factor contributing to recent declines in garlic yield is climate anomalies, such as El Niño and La Niña, which result in smaller bulbs due to adverse weather conditions. Previous research supports this finding, indicating that low productivity in garlic is partly due to inadequate adjustment of cultivation techniques to local climate and land conditions (Rahmawati and Jamhari, 2019). Additionally, shallow root systems contribute to smaller garlic sizes by making the crop sensitive to water shortages during bulb formation, leading to decreased production (Adiwijaya et al., 2022; Harmanto et al., 2021). Rain-fed farmers without irrigation are especially vulnerable to these climate conditions.

Climate conditions, especially excessive rainfall, will also harm productivity. Our research found that excessive rainfall decreases the amount of sunlight and increases humidity. Since garlic requires 12–14 h of sunlight for optimal growth, the reduction in sunlight during the rainy season will negatively impact garlic’s optimal growth (Septiyan and Soemarno, 2019). In addition, high humidity due to rainfall condition can cause problems in bulb ripening and suboptimal bulb formation caused by diseases (Harmanto et al., 2021). Under such circumstances, farmers opted to conduct early harvesting to mitigate significant losses. However, this practice can lead to several storage-related issues, such as bulb softening and shrinking, hollow bulbs, rot, budding, root growth, and mold growth. These problems impacted the quality of garlic that is intended for use as seeds and consumption (Lestari et al., 2020).



4.2.2 Economic subsystem

The economic subsystem describes the interplay of economic variables that influence the sustainability of garlic production (Figure 4). There are six balancing loops (B4–B10) and one reinforcing loop (R3) identified in the economic subsystem.

[image: Diagram illustrating a complex system involving garlic production and market dynamics. It includes variables such as farmer profit, national and local garlic prices, quality garlic, import tariffs, and garlic needs. Arrows indicate interactions between factors like planting area, productivity, garlic seed price, local garlic stock, and household consumption, highlighting the interconnectedness of production, technology, and market access.]

FIGURE 4
 Economic subsystem of garlic production in Indonesia.


Garlic production increases the local garlic stock which can affect both market prices and farm-gate prices. The selling price of garlic plays a crucial role in determining farmers’ profits. When farmers experience high profits, they can reinvest some of these earnings as capital to expand their planting areas in the next season. This expansion leads to higher production levels (B4). The increase in planting area affects production input costs and, as a result, has a direct impact on farmers’ capital (B5).

Enhancing market access for local garlic would result in increased sales, leading to less stock in the market. According to economic principles, this reduction in supply should drive up the price. However, when the price of local garlic increases, it becomes less competitive against imported garlic, leading to reduced market access as consumers will choose cheaper garlic (B6). Despite the oversupply of local garlic during the main harvest period, the steady demand throughout the year, coupled with the abundant supply of imported garlic, can lead to a decline in local garlic prices. This, in turn, impacts farmers’ profits, influencing their ability to continue producing local garlic (B7). The national supply of garlic is highly dependent on its import. Otherwise, the volume of imported garlic can affect national garlic stocks because approximately 93% of garlic demand is met by imports (B8), which dominates the market share of garlic in Indonesia. Consequently, the price of imported garlic influences the national garlic price, which in turn affects regional market prices and farm gate prices (Adila et al., 2022; Sayaka et al., 2021).

The demand for garlic seeds in development programs often results in a reduced supply of garlic available for the market (B9). This shortage occurs because there is often no clear distinction between garlic intended for consumption and garlic reserved for seed use, leading to a prevalence of lower-quality garlic in the market, as the higher-quality bulbs are primarily used for seed purposes. However, many farmers prefer to sell their garlic as seeds rather than for consumption, as the price for seeds is higher, and seed traders provide market assurance, reducing the risk of unsold products. Despite the high demand, the availability of seeds for development programs remains insufficient. This scarcity has led to an increase in garlic seed prices; for instance, in 2018, the price of seeds jumped by 40% from the usual rate. This, in turn, affects input costs and can impose a financial burden on farmers, especially those not involved in garlic development programs (Kiloes and Hardiyanto, 2019), which can result in a decrease in planted area and production (B10). To expand the planting area and mitigate these challenges, there is an urgent need to accelerate the application of quality improvement technology and mass multiplication of garlic seeds. Ultimately, the planting area of garlic by farmers is highly dependent on the availability of seeds, and any shortage can lead to decreased local garlic production and availability (R3).

The CLD indicates that several factors drive the rise in domestic garlic consumption in Indonesia. Firstly, it is attributed to the increase in population and higher per capita consumption levels. Additionally, the growth of the tourism industry has led to a greater demand for garlic in hotels, restaurants, cafes, and street food vendors. Moreover, the expansion of the domestic food and herbal medicine industries has increased the use of garlic as a raw material. Consequently, this surge in consumption has resulted in a significant rise in the volume of garlic imports. Furthermore, the volume of garlic imports is also influenced by global prices and import tariffs (Adila et al., 2022).

The economic subsystem incorporates a technological dimension that significantly increases productivity and efficiency. According to previous studies, to increase their income, farmers must effectively manage their land and enhance their knowledge and skills in sustainable agricultural practices (Komalawati et al., 2024). Technological variables play a crucial role in supporting the achievement of sustainable garlic production. Implementing Good Agricultural Practices (GAP) and employing advanced seed technology for garlic is expected to yield several benefits, including productivity improvement, higher quality bulbs, competitive pricing, and increased farmer profits, driven by greater market acceptance.

Despite potential advancements, the average garlic productivity in 2022 was only 7.2 tons per hectare, falling short of the government’s target of 8 tons per hectare and significantly lagging behind China’s 26 tons per hectare (FAOSTAT, 2023). However, research on double-fold production technology has shown promising results, achieving yields exceeding 20 tons per hectare. This technology also produces bulb sizes comparable to imported garlic, with diameters greater than 4 cm (Hariyanto et al., 2022). To address this productivity gap, it is essential to intensify efforts to disseminate and increase the adoption of this high-yield technology among farmers. Currently, the uptake of advanced garlic cultivation techniques is insufficient to enhance productivity and improve technical efficiency. Developing and applying suitable technologies will require sustained efforts and time to positively impact the overall system.



4.2.3 Social subsystem

The social subsystem includes institutional and policy variables. Institutional variables encompassing financial and marketing institutions that play a pivotal role in facilitating the growth of the garlic agribusiness sector. While policy variables, such as government development programs and mandatory planting program for importers, also contribute to the increasing of garlic production. In this subsystem, five balancing loops (B11–B15) and two reinforcing loops (R4–R5) have been identified (Figure 5).

[image: Flowchart depicting factors influencing garlic production. Arrows indicate relationships such as farmer's interest, garlic production development programs, input subsidies, mandatory planting programs, and presence of extension officers affecting productivity, planting area, agricultural labor, and competition with other vegetables. Balancing loops marked as R4, B11, B12, B13, B14, B15, and R5 depict system dynamics, with key elements like production and garlic farmer groups highlighted.]

FIGURE 5
 Social subsystem of garlic production in Indonesia.


The government has initiated garlic development programs in response to low garlic production. These programs aim to enhance productivity through several key strategies. First, the role of agricultural extension officers has been expanded to provide farmers with assistance in cultivation techniques (B11). Agricultural extension officers not only facilitate the management of development programs but also aid in transferring new technologies and support farmers in the process of adopting these innovations (Puspitasari et al., 2023). Second, the government provides inputs subsidy and production facilities (B12), which include seeds, fertilizers, mulches, and tools. These initiatives are expected to increase productivity and, subsequently, overall production.

Feedback loop R4 illustrates how garlic development programs enhance farmers’ engagement in these initiatives. The provision of subsidies significantly increases farmers’ interest in participating. To optimize the effectiveness and efficiency of these programs, assistance is distributed through established farmer groups. Additionally, forming new farmer groups is encouraged to expand the area planted with garlic and increase production (B13). Furthermore, farmers’ interest in garlic farming can impact competition with other crops, particularly shallots. By providing attractive support for garlic production, the program helps ensure that farmers continue to cultivate garlic rather than switching to other vegetables, thus maintaining the land area dedicated to garlic farming (B14). It is challenging for Indonesia to manage the land shortage for garlic cultivation due to competition with other crops (Kiloes et al., 2024a).

This social variable is closely tied to consumer preferences for local garlic. Our observations show that currently, the demand for local garlic is low due to its perceived lower quality compared to imported garlic. Consequently, local garlic faces challenges in entering the domestic market, leading to decreased motivation among farmers to cultivate it. If there is high market demand, farmers will be encouraged to persist in garlic cultivation and expand their planting area. This is related to a previous study conducted by Puspitasari et al. (2023), which states that the two most critical social factors for sustaining garlic production are farmers’ interest in growing garlic and consumer preferences.

Furthermore, the program advocates for the establishment of marketing institutions and off-takers, which play a crucial role in the distribution chain of garlic produced by farmers. These entities either use the garlic as seeds or supply it to industries, restaurants, hotels, and exporters. The primary goal of these initiatives is to provide market guarantees and stabilize the prices of locally produced garlic. Off-takers not only act as guaranteed buyers but also extend capital loans in the form of production inputs, which farmers can repay at harvest time. This support is expected to significantly enhance farmers’ interest in garlic cultivation (B15). As noted by Kiloes et al. (2024a), securing price stability and market certainty is key to enhancing farmers’ motivation to grow garlic. However, interview findings reveal that the current performance of off-takers remains suboptimal. Therefore, government evaluation and ongoing improvement are necessary.

Within the social subsystem, a reinforcing feedback loop (R5) is identified. The expansion of garlic planting areas encounters constraints related to the availability of agricultural labor. Currently, there is a decline in the agricultural labor force, and the labor itself has become relatively expensive. This condition is common in developing countries, where there is a decline in agricultural labor as jobs diversify away from agriculture towards non-agricultural fields. This underscores the need for coordinated initiatives to hasten the adoption of farm mechanization, thus partially replacing labor (Li et al., 2019; Srivastava et al., 2020).



4.2.4 Final causal loop diagram of sustainable garlic production in Indonesia

The final CLD integrates all three subsystems, depicting the interplay among ecological, economic, and social variables to constitute a sustainable garlic production system. The formation of the new CLD has resulted in the emergence of four additional loops. These loops consist of two balancing loops (B16-17) and one reinforcing loop (R6), as visually represented in Figure 6.

[image: Complex systems map illustrating the dynamics of garlic production. Various nodes represent factors such as land suitability, climate, productivity, seed technology, and market access. Arrows indicate relationships and influences among factors like soil fertility, pest resistance, and production input cost. Key elements are marked as B1 to B17, illustrating feedback loops and connections between agricultural practices, governmental programs, and market demands. Color-coded elements reflect different thematic areas, such as environmental factors, economic structures, and technological adoption.]

FIGURE 6
 The final CLD of sustainable garlic production in Indonesia.


Feedback loop B16 illustrates how the profitability of garlic farming incentivizes farmers to continue growing garlic. When farmers find garlic farming profitable, they often expand their garlic cultivation area, usually by reallocating land from other crops. This expansion leads to a competitive dynamic where the profitability of garlic reduces the competition for land with other commodities. The previous study indicated that farmers’ motivation to plant garlic declined because they found it unprofitable; the local garlic prices could not compete with those of imported garlic. Consequently, many farmers have shifted to cultivating other, more profitable commodities (Kiloes et al., 2024a,b; Puspitasari et al., 2023).

The implementation of mandatory garlic planting for importers creates another feedback loop. This policy requires importers to produce garlic domestically, amounting to 5% of the volume they import. Essentially, the more garlic importers bring into Indonesia, the more they are obligated to cultivate garlic locally. As more farmers engage in garlic cultivation, local production and availability of garlic are expected to increase. Over time, this should lead to a gradual reduction in the volume of imported garlic, thereby decreasing the country’s reliance on imports (B17). Previous studies have noted that farmers show a strong interest in participating in partnerships through the mandatory importer planting program. This interest is driven by several factors, including seed and capital assistance (Kiloes et al., 2021). However, it has been observed that the enforcement of this regulation has been inconsistent, leading to some importers not fulfilling their obligations.

The R6 feedback loop indicates that understanding market or consumer preferences drives research efforts to enhance the quality of local garlic by adopting various cultivation technologies. These technologies will result in quality garlic improvements that align with consumer preferences. Consumers in Indonesia prefer imported garlic, as their features superior size and shape compared to local garlic, making it more convenient for processing. Additionally, the industry favors large garlic bulbs with uniform proportions (Kiloes et al., 2024a). Therefore, the government should encourage the development of technology to produce local garlic of comparable quality to imported varieties.




4.3 Systems archetypes of the sustainability of Indonesian garlic production

We have identified system archetypes depicting the behavioral patterns of the garlic production system over time from the comprehensive CLD. There are nine commonly recognized system archetypes that express patterns of behavior in the system (Braun, 2002; Senge, 2006). Specifically, in this study we have identified three system archetypes, ‘Drifting goals,’ ‘Fixes that fail,’ and ‘Limit to growth.’


4.3.1 Drifting goals

The archetype Drifting goals help to explain the impact of falling expectations. The difference between the desired result (goal) and actual performance is called the gap. This gap can be resolved in two ways: by taking corrective actions to achieve goals or by lowering goals; however, over time, lowering goals will reduce performance (Branz et al., 2021; Braun, 2002). The drifting-goal archetype for Indonesian garlic production, illustrated by the linkage of the feedback loops B17 and B8, is shown in Figure 7A. The drifting goal archetype in achieving sustainable garlic production in Indonesia can be explained as efforts to increase local garlic stock to reduce import dependency and fulfill the needs, are constrained by the garlic allocated for seed. The constraint arises from the lack of a clear distinction between garlic production for consumption and seed. To expedite production by increasing planting areas, the government lowers the production targets for consumption and prioritizes the allocation of seeds. According to Kiloes et al. (2024a), Indonesian government has imported garlic seeds from various countries to be planted in Indonesia. Although these plants grow well, they are unable to produce bulbs, leading to a continued reliance on locally produced seeds.

[image: Diagram showing two systems. Panel A illustrates a blue feedback loop involving production input cost, farmer's capital, planting area, production, local garlic stock, national garlic stock, and garlic seed stock, with loops B17 and B9. Panel B adds red pathways for garlic seed technology, new superior varieties, garlic seed production, and mass production, interacting with the existing system.]

FIGURE 7
 (A) Drifting goal archetype for Indonesian garlic production; (B) proposed intervention to address drifting goal for Indonesian garlic production.


Leverage intervention points depend on the provision of garlic seed stock. Hence, the initial step in government intervention involves establishing a clear distinction between areas designated for seed production and those allocated for garlic consumption. Furthermore, establishing specialized institutions or engaging the private sector in garlic seed breeding, and collaborating with farmers in nursery development, are crucial for building a robust seed industry (Figure 7B). Through a monitoring process within this collaboration, high-quality certified seeds can be generated. Within this industry, seeds should be produced following prescribed procedures and quality standards, leading to enhanced garlic productivity.

To expand garlic cultivation and support sustainable production in Indonesia, it is essential to enhance the seed industry’s capacity, and invest in research and development for superior garlic seeds. To meet the rising demand for seeds, research institutions should prioritize technologies like Somatic Embryogenesis (SE) for rapid seed propagation (Wardana, 2016). Additionally, developing and mass-producing high-quality local garlic varieties with large bulbs and cloves is crucial to satisfy consumer preferences for imported-like varieties. Improving location-specific cultivation practices can unlock the full potential of these superior varieties.



4.3.2 Fixes that fail

The Fixes that fail archetype refers to the attempt to address a problem through short-term fixes, that initially appear effective and might solve the problem in the short term. However, this attempt can also lead to unforeseen conditions that produce unintended consequences in the long term that worsen the original problem (Branz et al., 2021; Braun, 2002). This archetype illustrates a progressively deteriorating scenario in which the initial symptoms of a problem are exacerbated by the applied solution. The presence of a reinforcing loop (R), which contains a delay, contributes to the steady deterioration of the problem symptoms (Braun, 2002; Senge, 2006). Within the context of developing garlic production in Indonesia, we identified of two distinct patterns of the Fixes that fail archetype. These patterns specifically involve the accumulation and utilization of chemical pesticides and chemical fertilizers.

The fixes that fail archetype pattern, which connects feedback loops B1 and R1, shows that the accumulation of chemical fertilizer use over a certain period causes land degradation. This degradation leads to a decrease in plant productivity (Figure 8A). In this case, managing soil fertility is the key leverage point. To address the issue of fixes that fail related to the excessive use of chemical fertilizers, we propose promoting the adoption of GAP. This approach encourages farmers to apply balanced fertilization tailored to the specific needs of their crops and soil conditions. Application of organic fertilizers to enhance soil structure and quality (Figure 8B). Additionally, the implementation of crop rotation techniques can be beneficial strategy (Dara, 2019), particularly with leguminous plants that significantly increase soil nitrogen cycling and availability, which lead to plant productivity (Gou et al., 2023). Organic fertilizers play a crucial role in the formation of a land absorption complex, thereby augmenting the cation exchange capacity and enriching soil nutrients, which ultimately improves soil fertility (Kusumarini et al., 2020).

[image: Diagram A shows two loops: B1, indicating the cycle of productivity, soil fertility, and chemical fertilizer, and R1, linking land degradation and soil fertility. Diagram B adds factors like organic fertilizer, plant rotation, and GAP/technology adoption, influencing soil fertility and productivity alongside the original cycles. Positive and negative influences are marked with plus and minus signs.]

FIGURE 8
 (A) Fixes that fail archetype for Indonesian garlic production; (B) proposed intervention to address ‘fixes that fail’ associated with the accumulation use of chemical fertilizer.


The second fixes that fail archetype, which describes the relationship between feedback loops B2 and R2, indicates that the accumulated use of chemical pesticides over a certain period contributes to decreased productivity due to increased resistance to pests and diseases (Figure 9A). The leverage factor is in handling pest and disease attacks. Therefore, to address these challenges, the proposed intervention is to implement an integrated pest management (IPM) strategy alongside disease control measures utilizing organic pesticides. IPM represents an approach to pest management that ensures economic feasibility, social acceptance, and environmental safety. Cultural control methods, such as implementing plant rotation with non-host or tolerant plants, can effectively disrupt the cycle of pests and diseases. Biological control methods involve harnessing natural enemies, such as predatory organisms, to combat pests. Additionally, behavioral control measures, including the use of traps, can help regulate pest populations (Dara, 2019). By employing these comprehensive approaches, the management of pests and diseases can be effectively carried out in a sustainable and environmentally friendly manner (Figure 9B).

[image: Two diagrams labeled A and B show systems of pest management. Diagram A depicts a cycle involving productivity, pest and disease attack, resistance, and chemical pesticides. Diagram B includes these elements with added factors: natural enemies, plant rotation, organic pesticides, and integrated pest management. Arrows indicate interrelationships between elements.]

FIGURE 9
 (A) ‘Fixes that fail’ archetype for Indonesian garlic production; (B) proposed intervention to address ‘fixes that fail’ involving the accumulation use of chemical pesticides.


This study’s identified fixes that fail archetype highlights sustainability issues within the ecological dimension, potentially impacting the social and economic dimensions. Mitigating excessive chemical use requires shifting farmers’ mindsets and practices towards environmentally friendly garlic cultivation techniques based on GAP. This can be achieved through comprehensive support and guidance. Enhancing the capacity of agricultural extension officers to assist farmer groups is essential for better access to information and fostering collaboration. Additionally, adopting environmentally friendly cultivation technology, which includes ensuring the balanced use of chemical inputs, is crucial for achieving the goal of increasing productivity while upholding health and environmental sustainability.



4.3.3 The limit to growth

The limit to growth archetype illustrates a strengthening growth loop. The more effort is applied, the more performance increases, and then more effort is applied. As growth continues, a balancing cycle emerges driven by external limiting conditions or resource constraints. These conditions create limiting actions that reduce performance and limit the amount of growth that may occur (Branz et al., 2021; Braun, 2002). This pattern shows that positive reinforcing behavior is always accompanied by balancing processes that will eventually limit efforts put into driving growth (Brzezina et al., 2017).

In the Limit to growth archetype, which involves feedback loops R4 and B14, the presence of garlic development programs is expected to elevate farmers’ interest in cultivating garlic. These programs have not been able to increase market access due to the abundance of production (Figure 10A). The proposed interventions, as illustrated in Figure 10B, recommend that the government enhance market access for local garlic by strengthening the role of marketing institutions and off-takers. The second intervention to overcome the continuous problem in the limit to growth archetype is by performing extensive promotional efforts. This is important because, consumer’s long-standing preferences for imported garlic over the past 20 years poses a significant challenge in shifting consumption towards local garlic. Key respondents and several previous studies have emphasized that local garlic possesses an aroma and spiciness that surpass imported garlic, despite its less attractive appearance (Hariyanto et al., 2022; Septiana et al., 2022). Highlighting these advantages are expected to stimulate consumer preferences, then enhancing the competitiveness of local garlic in the domestic market.

[image: Two causal loop diagrams illustrate factors influencing garlic farming. Diagram A shows how subsidies, production facilities, and farmer interest affect production and market access. Diagram B adds elements like industry role and marketing institutions, emphasizing processed garlic and promotion, impacting market access. Both diagrams feature loops R4 and B14, representing reinforcing and balancing feedback.]

FIGURE 10
 (A) ‘Limit to growth’ archetype for Indonesian garlic production; (B) proposed intervention to address ‘Limit to growth’ enhancing farmers’ interest in garlic farming.


The third intervention can be proposed is by leveraging local garlic processing into products such as seasoning paste, powder, or fried forms. Since fresh local garlic is less desirable, the consumption of processed local garlic should be encouraged. In an era where people prefer practicality, using ready-made garlic seasoning can be attractive. Such processed products are not only convenient for consumers but also have a broader market appeal. Additionally, there is an opportunity to establish small-scale industries specializing in the development of processed garlic products, which can also serve as off-takers. Therefore, the government needs to support the development of a household or small-scale garlic processing industry and can also initiate cooperation with large industries. Policies should favor small-scale enterprises establishing garlic processing units in production hubs. Public-private partnerships, supported by the research and development sector, will provide better opportunities (Bondre et al., 2017).

This research highlights the significance of maintaining farmers’ interest in garlic cultivation to enhance sustainable production. The government should support farmers by ensuring price and market guarantees. Previous research concluded that to encourage garlic production, farmers will be motivated if there is high market demand and favorable local garlic prices (Sayaka et al., 2021). For the majority of Farmers, garlic is not the primary commodity but rather a secondary crop intercropped with other vegetables, as monoculture garlic farming is economy unviable (Septiana et al., 2022). Consequently, implementing a price stabilization policy becomes necessary, ensuring that the selling price of garlic remains affordable for consumers while providing a fair return for farmers to sustain their cultivation efforts (Yovirizka and Haryanto, 2020; Saptana et al., 2021; Sayaka et al., 2021). Consequently, implementing a price stabilization policy becomes necessary, ensuring that the selling price of garlic remains affordable for consumers while providing a fair return for farmers to sustain their cultivation efforts (Yovirizka and Haryanto, 2020; Saptana et al., 2021; Sayaka et al., 2021).





5 Conclusion

Research on sustainable agricultural production with a system thinking approach has yet to explicitly be carried out, especially regarding interactions and synergies between sustainability dimensions. Nevertheless, the systems thinking approach has effectively provided a holistic picture of issues in increasing garlic production sustainability in Indonesia, which takes into account complex interplay of ecological, economic, and social sustainability variables. Additionally, the dynamic hypothesis generates three system archetypes; drifting goals, fixes that fail, and limit to growth. This process reveals fundamental problems within the garlic production system in Indonesia, leading to the identification of leverage points and potential interventions for the system.

The drifting goal archetype is identified, stemming from efforts to increase local garlic stock and reduce import dependency. The absence of a clear distinction between garlic production for consumption and seed exacerbates constraints. Government intervention involves establishing this distinction, prioritizing garlic seed production through developing the seed industry. Collaborative efforts with assisted farmers, advancements in seed propagation technologies (such as Somatic Embryogenesis), and involvement of research institutions are crucial for enhancing seed industry productivity. To meet consumer preferences, focus is needed on developing garlic varieties with traits similar to imported garlic. Governmental efforts should prioritize superior seed varieties and cultivation techniques aligned with Good Agricultural Practices (GAP) to achieve sustainable garlic production in Indonesia.

Fixes that fail archetypes show that an ecological aspect that threatens the sustainability of production is the accumulation of chemical pesticides and chemical fertilization in a certain period which causes severe environmental damage and reduces plant productivity. To address these challenges, it is necessary to provide assistance in the form of environmental-friendly technology, such as carrying out integrated pest management (IPM). Additionally, mitigating excessive chemical input use requires a shift in farmers’ mindsets and practices. This shift can be facilitated through comprehensive support and guidance on garlic cultivation techniques based on GAP, emphasizing environmentally friendly technologies. The adoption of such technologies, including balanced chemical input use, is crucial for improving productivity, efficiency, and competitiveness in local garlic production. This not only aligns with sustainability goals but also ensures the production of high-quality garlic, contributing to the overall development of garlic production.

The increase in garlic production is not solely related to the growth in planting area and productivity, it is closely related to the factors of sustainability production which must be developed. The research demonstrates the interconnectedness of economic and social variables, with each aspect mutually reinforcing the other. The findings of limit to growth archetype indicate that, the sustainability of garlic production is dependent on the interest of farmers to continue cultivating garlic. This interest is rationally influenced by the profit obtained. To ensure a comprehensive and adaptive approach, the government should not exclusively focus on increasing production (upstream) but also prioritize efforts in marketing (downstream). The proposed interventions include strengthening the role of marketing institutions/off-takers and intensifying efforts to promote the superiority of local garlic. This adaptive effort involves encouraging the consumption of local garlic in processed forms. Moreover, building resilience and adaptive sustainable garlic production, along with the assurance of market and price certainty, significantly impact the continuous profitability and business sustainability of farmers and stakeholders.

These intervention points are expected to improve the existing garlic production system, making it more effective in achieving sustainable garlic production, which will ultimately support sustainable agricultural development.

While our systems thinking approach has offered a holistic view of the challenges in achieving sustainable garlic production in Indonesia, the proposed interventions remain qualitative and lack quantifiable metrics. This study specifically focuses on garlic production centers in Java, whereas other regions in Indonesia also hold significant potential for contributing to the national garlic supply. To develop a more comprehensive understanding of sustainable garlic production across Indonesia, future research should extend beyond Java and incorporate quantitative methods. This will allow for a more thorough assessment and implementation of sustainable practices across the country’s diverse agricultural landscapes.
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Introduction: Given the dual constraints of limited resources and environmental concerns, achieving green development in agriculture helps to enhance national food security, resource security, and ecological security.
Methods: Utilizing panel data sourced from 30 provinces within China, spanning the years from 2001 to 2021, this paper employs the super-efficiency Slack-Based Measure (SBM) model and the Global Malmquist-Luenberger (GML) index to measure agricultural green total factor productivity (AGTFP). It utilizes methods such as the stepwise Differences in Differences (DID), mediation effect models, and moderating effect models to systematically explore the impact of the implementation of Free Trade Pilot Zones (FTPZs) on AGTFP and its mechanisms of action.
Results: The study finds: (1) Establishing FTPZs significantly boosts AGTFP, indicating a profound positive influence; (2) The promotional effect of FTPZs on AGTFP is stronger in the eastern and central regions, as well as in major grain-producing areas; (3) FTPZs may enhance AGTFP by promoting the effect of agricultural structure upgrading, i.e., a transmission mechanism exists from FTPZs to the agricultural structure upgrading effect to AGTFP; (4) The agricultural scale effect plays a positive moderating role in the impact of FTPZs on AGTFP.
Discussion: It is advisable to optimize agricultural measures related to FTPZs, promote agricultural structural upgrading and scale enhancement, adapt strategies to local conditions to advance green agricultural development, and thereby promote the coordinated development of FTPZs and AGTFP.
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 agricultural green total factor productivity; free trade pilot zone; differences in differences; agricultural structure upgrading effect; agricultural scale effect


1 Introduction

The issue of environmental pollution has escalated into a global challenge. It is no longer confined to specific regions or countries; it is a critical issue that crosses borders and affects the collective future of humanity. Agriculture is identified as a significant source of ecological pollution due to substantial carbon emissions and pollutants from its production processes (Hou and Wang, 2022). To mitigate pollution from agricultural activities, countries worldwide have adopted green agricultural development models aimed at achieving low energy consumption, low emissions, and high efficiency (Chen et al., 2023). For instance, the United States established a sustainable agricultural development system and related policy incentive programs in the 1980s to minimize the application of fertilizers and pesticides, thus enhancing agricultural green development. Since 1992, the European Union has pursued a green transformation in agriculture through extensive policy reforms, gradually reducing environmental pollution and strengthening its green orientation while lowering the production-increasing orientation of agricultural policies. As a major agricultural country, China faces a dilemma between agricultural development and environmental protection due to its constraints of having a large population and limited land resources. Traditionally, agriculture has relied on increasing inputs of fertilizers and pesticides to boost production, a practice that, while contributing to the modernization of agriculture and increased yields, has exacerbated non-point source pollution and carbon emissions, posing significant negative impact on the environment (Liu and Feng, 2019). For instance, the current utilization rate of fertilizers and pesticides in China is only 41%, which is lower than the rates of over 50% observed in developed countries in Europe and America, resulting in a substantial amount of residual chemicals from agricultural production. Against this backdrop, attaining sustainable growth within agriculture and enhancing the green total factor productivity (AGTFP) of the sector is now of particular significance.

Free Trade Pilot Zones (FTPZs) are multi-functional economic special zones delineated within the borders of a sovereign nation but outside its customs territory. The FTPZs in China differ from those in other countries in that they are established to test new economic policies and reforms, with a focus on innovation (Jiang et al., 2023). Upon successful reform, these policies are replicated and promoted nationwide, thereby propelling the overall Chinese economy toward high-quality development (Wan et al., 2014). Up to this point, the Chinese government has established 22 FTPZs in 7 batches, generating a plethora of innovative outcomes. As a crucial element of China’s reform and opening up, the liberalization of agriculture has become a key focus within these FTPZs (Lu and Cui, 2022). For example, an increasing number of FTPZs are leveraging the current agricultural status and characteristics of their regions to introduce measures targeted at agricultural development, serving as a demonstration for agricultural advancement. Instances include the Yangling area in Shanxi FTPZ, which focuses on agricultural science and technology innovation; Heihe in Heilongjiang FTPZ, which develops cross-border green agricultural products; and Changsha in Hunan FTPZ, which establishes demonstration sites for agricultural science industries. These measures provide opportunities and conditions for the green development of China’s agriculture and the enhancement of its green total factor productivity. This raises questions: How do FTPZs enhance AGTFP, and what are the underlying mechanisms? This study investigates the impact of FTPZs on AGTFP and their mechanisms, providing insights from China’s experience that could guide the green development of agriculture globally, offering substantial practical significance and value.

Existing research predominantly focuses on the measurement of AGTFP and the examination of its driving factors. In terms of AGTFP measurement, traditional agricultural productivity metrics often overlook the restrictive impacts of environmental and resource limitations on agricultural economic growth, as well as the ecological benefits of agricultural development (Tang et al., 2023). Consequently, some scholars have proposed integrating factors related to the environment and resources into the agricultural total factor productivity measurement system, thus coining the term AGTFP (Reinhard et al., 1999; Xu et al., 2020). Researchers mainly utilize Stochastic Frontier Analysis (SFA) and Data Envelopment Analysis (DEA) to assess AGTFP. The DEA model, unlike the SFA approach, offers benefits in managing various inputs and outputs without necessitating a predefined production function and has become the mainstream method for measuring AGTFP (Xing et al., 2023). Several DEA models are prevalent, with scholars commonly employing the Malmquist-Luenberger (ML) index (Zhang et al., 2016) and the Global Malmquist-Luenberger (GML) index (Fang et al., 2021; Gao et al., 2022) for these measurements. Concerning AGTFP’s influential factors, recent investigations have predominantly examined the effects of internet use, technological innovation, digital finance, digital agriculture development, agricultural insurance, and other factors on AGTFP (Wang et al., 2024; Huang and Ping, 2024; Li et al., 2023; Zhou et al., 2023; Li et al., 2022a,b). However, direct research on how FTPZ implementation affects AGTFP is notably scarce in the existing literature.

Several scholars have delved into the impact of implementing FTPZs on the green development of urban areas. For instance, using the Shanghai FTPZ as a case study, researchers have found that the zone facilitated technological innovation that reduced urban environmental pollution and promoted green urban development (Jiang et al., 2021; Wang et al., 2022). Another set of researchers, adopting a holistic approach, discovered that FTPZs in China not only significantly enhance urban green total factor productivity but also drive green technological innovation, markedly improve the air quality of surrounding cities, and thus foster urban green development (Ma et al., 2021; Lou et al., 2023; Bi et al., 2023). In summary, while existing literature has addressed AGTFP measurement, its driving factors, and the effects of FTPZs on urban green development, research on the impact of FTPZs on agricultural green development remains limited. Nevertheless, the agricultural sector is increasingly recognized as a vital component of reforms within FTPZs. In response, this paper employs the SBM model and the GML index to measure AGTFP across various provinces in China. It treats the creation of FTPZs as a quasi-natural experiment and uses a stepwise DID approach to empirically assess their influence on AGTFP. The paper also examines the mechanisms behind this impact, utilizing mediation effect models, moderating effect models, and the Difference-in-Differences-in-Differences (DDD) model.

This paper’s innovations are threefold: First, it combines the SBM model with the GML index to more accurately compute AGTFP across Chinese provinces. Previous studies, which predominantly used traditional DEA models, failed to include slack variables, leading to significant deviations from actual conditions (Tone, 2003). Additionally, some researchers have calculated using the ML index proposed by Chung et al. (1997) and Zhang et al. (2016), which still faces situations where linear programming offers no feasible solution (Jiang et al., 2021). In terms of measuring undesired outputs, previous studies have separately assessed agricultural non-point source pollution (Han and Zhao, 2013) and total carbon emissions from agricultural production processes (Xu et al., 2019; Zhang et al., 2023), lacking a comprehensive measurement. This method combining the SBM model and GML index addresses both slack variables and the infeasibility issues associated with the ML index’s linear programming (Liu et al., 2022). Hence, this document applies the super-efficiency SBM model, which accounts for undesired outputs, alongside the GML index, to assess AGTFP, comprehensively incorporating agricultural non-point source pollution and carbon emissions as metrics for undesired outputs, thereby providing a more comprehensive and precise measure of China’s AGTFP. Second, investigating AGTFP from the perspective of FTPZs represents an innovative research angle. Existing research primarily examines the impact of factors such as digital finance and agricultural insurance on AGTFP, with limited studies exploring the effect of FTPZs on urban green development. Hence, the emphasis of this document on FTPZs’ impact on AGTFP and the underlying mechanisms distinguishes it from previous studies in terms of research perspective. Third, this paper employs methods such as the stepwise Differences in Differences (DID) to effectively address the endogeneity issues between FTPZs and AGTFP, thus more accurately examining the impact of FTPZs on AGTFP.

The organization of this study is structured as follows: The second section introduces the theories and hypotheses; the third section presents the model, variables, and data; the fourth section discusses the empirical tests and results analysis; the fifth section is dedicated to the discussion; and the sixth section concludes the study.



2 Theories and hypotheses

Recent years have seen the deployment of FTPZs as a pivotal strategy in China for fostering high-quality economic growth, significantly contributing to the improvement of AGTFP. AGTFP not only focuses on increasing total production but also emphasizes the efficient use of resources and environmental sustainability.


2.1 The direct impact of the implementation of the FTPZs on AGTFP

Compared to other industries, agriculture inherently exhibits certain vulnerabilities. Resources such as capital, talent, and technology tend to flow into industries with higher returns, leading to extensive agricultural development. Especially under the resource constraint of more people and less land, China’s agriculture relies on a large number of fertilizers and pesticides to increase grain production (Tian et al., 2024). Such methods lead to the squandering of agricultural resources and the contamination of the farming environment. However, within FTPZs, a more open market environment is provided, as well as advanced management concepts and science and technology, and “substantial innovation” is actively encouraged (Yang et al., 2024). This injects new momentum into optimizing agricultural industrial structures and rationally allocating resources. Additionally, governmental departments in FTPZs actively promote the exit of high-pollution, high-consumption, and low-efficiency agricultural industries. This indicates that agriculture within FTPZs possesses distinct “green” characteristics, making it crucial for achieving enhancements in AGTFP within FTPZs. Firstly, FTPZs serve as bridges for agricultural technology exchange. FTPZs provide a favorable policy environment and market conditions for agricultural science and technology innovation. Through cooperation with international advanced agricultural science and technology enterprises, the introduction of new varieties, new technologies, and new models has significantly enhanced the improvement of China’s AGTFP (Yang and Zhang, 2024). At the same time, policy support and incentive measures within FTPZs, such as tax reductions, financial subsidies, and support for innovation funds, further stimulate the innovation vitality of agricultural enterprises and research institutions. It hastens the exploration, creation, and implementation of eco-friendly agricultural technologies, thus elevating productivity levels, diminishing the overapplication of fertilizers and pesticides, and advancing the environmental sustainability of agricultural output. For example, the Yangling area in the Shaanxi FTPZ, noted for its agricultural focus among China’s FTPZs, enhances AGTFP by expanding international cooperation and exchange in agriculture, and focusing on the innovation and promotion of outstanding agricultural technologies. Secondly, FTPZs have introduced environmental protection policies and measures to improve environmental pollution (Zhang et al., 2023; Zhang and Zhou, 2023). FTPZs have set stricter standards and requirements for environmental protection, implemented tax reductions, and provided environmental protection subsidies to encourage agricultural production to follow ecological principles and green standards. Furthermore, by enforcing more rigorous criteria for pesticide and fertilizer usage and advocating for organic and sustainable farming practices, FTPZs have effectively reduced the negative environmental impact of agricultural production and increased AGTFP. Lastly, FTPZs have become “high grounds” for financial innovation. Current studies have verified that the advancement of green finance notably encourages the improvement of AGTFP (Li et al., 2023). FTPZs have also pioneered financial innovations tailored to agriculture. Products like “contract farming loans” and “green credit” alleviate financing pressures on farmers and provide stable financial support for sustainable agricultural practices. Additionally, by promoting agricultural insurance, the production risks caused by natural disasters and other force majeure events have been reduced. With the support of funding and the protection of insurance, farmers are encouraged to adopt green production technologies, promoting the transformation of agriculture toward a more efficient, less polluting green production mode. Therefore, this paper presents the following hypothesis:

 H1: The implementation of FTPZs contributes to the enhancement of AGTFP.





2.2 The intermediary mechanism of agricultural structure upgrading effect

An important mechanism through which FTPZs impact AGTFP is the mediating mechanism of agricultural structural upgrading effects. Firstly, the implementation of FTPZs effectively promotes the upgrading of agricultural structures. On one hand, by establishing an integrated agricultural product processing and trading system with international markets, FTPZs enhance the added value of agricultural products and foster cooperation throughout the agricultural industry chain. This results in a modern agricultural industry chain that integrates production, processing, and sales, optimizing the agricultural industry structure (Rockström et al., 2017). On the other hand, FTPZs facilitate the liberalization of agricultural trade, increasing export opportunities and encouraging domestic producers to adjust their production structures in response to international market demands (Lu and Cui, 2022). For example, responding to international demand for organic and green foods, domestic producers might increase their output of these products, further optimizing and upgrading agricultural structures. Secondly, the upgrading of the agricultural structure favorably drives the improvement of AGTFP (Lei et al., 2023). The expansion of the cultivation scale of water-saving, fertilizer-saving, and high-efficiency crops can effectively minimize the application of fertilizers and pesticides, thereby contributing to the enhancement of AGTFP (Rockström et al., 2017). Simultaneously, agricultural structural upgrading promotes the integration of agriculture with modern service industries, tourism, biotechnology, and other emerging industries. Advancing circular and sustainable agricultural practices not only facilitates the ongoing reallocation of agricultural production factors and resources from less productive and technologically advanced sectors to more efficient ones but also diminishes emissions of pollutants during the agricultural production phase, thereby enhancing AGTFP (Hong et al., 2022). Based on these findings, this paper proposes the following hypothesis:


H2: FTPZs can enhance AGTFP through the effect of agricultural structural upgrading.
 



2.3 The regulating mechanism of agricultural scale effect

Another significant mechanism through which FTPZs affect AGTFP is the moderating mechanism of agricultural scale effects. The larger the scale of agriculture, the greater the promotive effect of FTPZs on AGTFP. First, expanding the scale of agriculture can achieve more intensive agricultural production, optimizing the utilization of production elements like land and labor. This leads to increased precision in agricultural production processes within FTPZs, reducing the irrational use of fertilizers and pesticides and carbon emissions from agriculture, thereby alleviating environmental contamination caused by farming (Zhu et al., 2022; Song et al., 2023). Second, the expansion of agricultural scale can encourage new types of agricultural operators to adopt advanced agricultural technologies, such as precision agriculture and smart equipment (Mao et al., 2021). The use of digital technologies allows producers to precisely monitor crop growth and manage activities such as weeding, fertilizing, and irrigation more effectively, reducing excessive use of inputs and enhancing AGTFP. Third, the expansion of agricultural scale typically provides more channels and capabilities to access preferential policies and agricultural management experiences within FTPZs. Compared to smallholders, large-scale farmers, supported by more favorable policies and extensive agricultural management experience, are more inclined to adopt green production methods, thus accelerating AGTFP enhancement. Fourth, as the agricultural scale grows, the costs of improving agricultural product quality and establishing agricultural brands tend to decrease, incentivizing the production of high-quality agricultural products. Moreover, large-scale farmers often produce green and organic products to preserve their brand value, further enhancing AGTFP (Lin and Li, 2023). Based on the mechanism, this paper proposes the following hypothesis:


H3: The agricultural scale effect plays a positive moderating role in the impact of FTPZs on AGTFP.
 

This paper constructs an analytical framework for FTPZs and AGTFP based on the direct effects of FTPZs on AGTFP, the mediating mechanism of agricultural structural upgrading, and the moderating mechanism of agricultural scale effects, as illustrated in Figure 1.

[image: Flowchart depicting the relationships between Free Trade Pilot Zones (FTPZs), Agricultural Green Total Factor Productivity (AGTFP), and various effects. FTPZs lead to market internationalization, trade liberalization, and industry convergence, which improve the agricultural structure upgrading effect. This, in turn, enhances AGTFP. Additionally, an agricultural scale effect plays a positive moderating role in this process.]

FIGURE 1
 Analysis framework of FTPZs and AGTFP.





3 Model, variables, and data


3.1 Model setting


3.1.1 Stepwise DID model specification

Difference-in-Differences (DID) method is a commonly used econometric approach for evaluating policy effects or causal inference. Its basic idea is to compare changes over time between a treatment group and a control group before and after policy implementation, aiming to mitigate the influence of unobserved time-invariant factors and thus more accurately estimate the causal impact of the policy. This paper treats the implementation of FTPZs in China as a quasi-natural experiment, using causal inference methods to investigate its impact on China’s AGTFP. Given the variations in the timing of FTPZs implementation across different provinces, the paper employs a stepwise DID model for regression analysis, which is specified as follows:

[image: Equation for AGTFP_it: AGTFP_sub_it equals alpha_1 plus beta times treat_sub_i times post_sub_it plus gamma times X_sub_it plus mu_sub_t plus sigma_sub_i plus epsilon_sub_it. Equation number one.]

In equation (1), the subscripts [image: It seems like there was an issue with the image upload. Please try uploading the image again, and I'll be happy to generate the alternate text for you.] and [image: The letter "t" is displayed in a stylized serif font with a curve at the bottom and an upward slanting crossbar, set against a white background.] respectively denote province and year. [image: Text depicting a mathematical expression with "AGTFP" in uppercase, followed by "it" in lowercase and italicized subscript.] is the dependent variable, representing AGTFP, with its calculation method described later. [image: Mathematical expression showing treat subscript i multiplied by post subscript ti.] is the policy variable, where [image: Stylized mathematical notation showing "treat" with a subscript "i." The font is italicized, commonly used in mathematical and scientific expressions.] is a group dummy variable, taking a value of 1 if province [image: Please upload the image or provide a URL to the image you'd like me to describe.] has implemented a FTPZ, and 0 otherwise. [image: Italicized text displaying the word "post" followed by the subscript "it".] is a dummy variable for the timing of policy implementation, taking a value of 1 if the province [image: The letter "i" in italics and lowercase.]has implemented a FTPZ from the start of implementation onwards, and 0 in other cases. The coefficient [image: Greek letter beta with subscript one.] of [image: Equation showing the product of "treat sub i" and "post sub i".] is used to measure the total effect of the implementation of FTPZs on AGTFP. [image: Mathematical notation "X" with subscript "i" and "t," typically used to denote a variable in a dataset with indices "i" and "t" referring to specific dimensions or identifiers.] represents control variables, including rural energy consumption, disaster severity, rural human capital level, trade dependency, government intervention, and per capita regional GDP. [image: Greek letter mu followed by subscript t symbol.] and [image: Greek letter sigma with a subscript "i".] respectively represent fixed effects at the time and province levels, with [image: The image contains the mathematical expression epsilon subscript "it" in italic font, commonly used to denote an error term in statistical equations.] as the random error term.



3.1.2 Mediation effect model specification

The mediation model is frequently employed in social science research for analyzing data. Its purpose is to investigate if one variable’s impact on another is influenced by one or more intervening variables. Applying this model enhances our comprehension of intricate relationships among variables, uncovering concealed mechanisms and patterns. To test the mechanism through which the implementation of FTPZs affects AGTFP, this study chooses agricultural structural upgrading effect as the mediating variable. Drawing on the mediation effect testing method from Jiang (2022), which focuses solely on the impact of FTPZs on the mediating variable (effect of agricultural structural upgrading) to avoid unexplained direct effects beyond the indirect effects, the model is specified as follows:

[image: Mathematical equation displaying \( M_{it} = \alpha_2 + \beta_2 \text{treat}_i \times \text{post}_{it} + \gamma_2 X_{it} + \mu_t + \sigma_i + \varepsilon_{it} \) labeled as equation (2).]

In equation (2), [image: A mathematical expression showing the variable \( M \) with a subscript \( it \), indicating a specific indexed element or parameter.] represents the mediating variable, [image: Mathematical expression showing "treat" with subscript i multiplied by "post" with subscript it.] is the policy variable. The coefficient [image: Greek letter beta subscript two, used commonly in mathematics and scientific equations.] of [image: The image shows the mathematical expression "treat sub i times post sub i" in stylized font.] measures the total effect of the implementation of FTPZs on the mediating variable. The interpretations of other variables and coefficients are consistent with those presented in equation (1).



3.1.3 Moderating effect model specification

The moderating effect model is commonly encountered when analyzing relationships among multiple variables. It describes a scenario in which the relationship between the independent variable X and the dependent variable Y is influenced by a third variable Z, known as a moderator variable. This moderator variable can impact both the direction and the strength of the relationship between X and Y (Baron and Kenny, 1986). To examine the moderating role of agricultural scale effect in the impact of FTPZs implementation on AGTFP, this paper chooses agricultural scale effect as the moderating variable, and the model is defined as follows:

[image: Mathematical equation showing: AGTFPit equals α3 plus β3 treati times postit plus δ0 Rit plus δ1 treati times postit times Rit plus γ1 Xit plus μit plus σi plus εit, labeled as equation 3.]

In equation (3), [image: The formula shows the letter "R" with a subscript "it".] represents the moderating variable (effect of agricultural scale). The coefficient [image: Greek lowercase letter beta with a subscript three.] of [image: The mathematical expression "treat sub i times post sub i" is displayed, indicating a multiplication of two indexed variables, treat and post, each with the subscript i.] measures the main effect of FTPZs implementation on AGTFP, while the coefficient [image: A mathematical symbol delta with a subscript one, often used in equations to represent change or difference in a variable.] of the interaction term [image: Mathematical expression showing variables: treat sub i times post sub i sub t times R sub i sub t.] represents the moderating effect of agricultural scale effect. The interpretations of other variables and coefficients are consistent with those presented in equation (1).




3.2 Variable measurement and explanation


3.2.1 Dependent variable

In this paper, AGTFP serves as the dependent variable. Considering that the calculation of AGTFP using the DEA model requires the inclusion of relevant undesired output indicators, this study uses the super-efficiency Slacks-Based Measure (SBM) model, which incorporates undesired outputs, as proposed by Tone (2003) to measure AGTFP. This approach not only incorporates undesired outputs into the calculation but also effectively resolves the measurement errors caused by the absence of slack variables, allowing for the differentiation and ranking of multiple efficient decision-making units (Liu et al., 2022). Assume for the kth decision-making unit, the input vector is [image: Mathematical expression showing \( x \in \mathbb{R}^M \), indicating that \( x \) is an element of the M-dimensional real numbers.], the desired output vector is [image: Mathematical expression showing \( y^g \in \mathbb{R}^{s_1} \).], and the undesired output vector is [image: \( y^b \in R^{s_2} \).] Also, define the matrices X = [[image: Matrix notation showing a row vector with elements \( x_1, \ldots, x_n \), belonging to the space \( R^{m \times n} \).], [image: Matrix notation of \( Y^g = \begin{bmatrix} y_1^g, \ldots, y_n^g \end{bmatrix} \in \mathbb{R}^{s_i \times n} \) indicating a matrix \( Y^g \) composed of elements \( y_1^g \) to \( y_n^g \) belonging to the real number space of dimension \( s_i \times n \).], and [image: Equation depicting a matrix \( Y^b \) represented as \([ y_1^b, \ldots, y_n^b ]\) belonging to the set of real numbers \( R^{s_b \times n} \).]. To assess the kth decision-making unit, we propose equation (4) as follows:

[image: Mathematical equation for minimizing ρ*, shown as a fraction. The numerator is \(1 + \frac{1}{m} \sum_{i=1}^{m} \frac{\overline{s}_i}{x_{ik}}\). The denominator is \(1 - \frac{1}{s_1 + s_2} \left( \sum_{r=1}^{s_1} \frac{s_r^g}{y^g_{rk}} + \sum_{t=1}^{s_2} \frac{s_t^b}{y^b_{tk}} \right)\).]

[image: Mathematical expression showing the constraint: sum from j equals 1 to n, with j not equal to k, of lambda sub j times x sub ij, minus s sub i, is less than or equal to x sub ik.]

[image: Mathematical expression showing a summation from \( j = 1 \) to \( n \), excluding \( j = k \). The sum of \( \lambda_j y_{rj} \) plus \( s_r^g \) is greater than or equal to \( y_{rk}^g \).] [image: Summation formula with parameters: sum from j equals 1 to n, excluding j equals k, of lambda sub j times y sub tj minus s sub t superscript b is less than or equal to y sub lk superscript b.]

[image: \( \lambda \geq 0, \, s^g \geq 0, \, s^b \geq 0, \, s^- \geq 0; \, i = 1, 2, \ldots, n; \, r = 1, 2, \ldots, s_1; \, t = 1, 2, \ldots, s_2 \). Equation labeled as (4).]

In equation (4), [image: Mathematical expression with "s" as a subscript "i" and an overline above.], [image: Mathematical notation showing \( s \) with superscript \( g \) and subscript \( r \).], and [image: Mathematical notation showing a variable \( s \) with subscripts \( t \) and superscript \( b \).] are slack variables; [image: The Greek letter lambda, written in a cursive, lowercase style.] is a vector of weights; [image: Mathematical expression with a fraction. In the numerator, one over \( m \). In the denominator, a summation from \( i = 1 \) to \( m \) of the fraction \( \frac{s_i}{x_{ik}} \).] denotes the mean level of input inefficiency, and [image: Mathematical equation showing a complex fraction. The numerator is the sum of two expressions: the first is a series from r equals 1 to s subscript 1 of s subscript r superscript g divided by y subscript rk superscript g; the second is a series from t equals 1 to s subscript 2 of s subscript t superscript b divided by y subscript lk superscript b. The entire sum is divided by s subscript 1 plus s subscript 2.] indicates the average level of output inefficiency. The SBM super-efficiency score, [image: Greek letter rho with an asterisk as a superscript.], obtained from equation (4) can exceed 1, thereby allowing for the differentiation among efficient decision-making units. This model assesses how well each unit utilizes its resources under specific technological conditions. However, this measure of efficiency is static and does not capture changes in productivity within agricultural production over time. To address this limitation, this study adopts Oh (2010)'s methodology to quantify dynamic changes in productivity using the GML index, defined as follows:

[image: Mathematical equation showing the Global Malmquist Luenberger index from time t to t+1. It is expressed as the ratio of one plus the current period directional distance function to one plus the previous period directional distance function.]

From equation (5), it can be understood that if [image: Mathematical expression showing \( GML^{t, t+1} > 1 \).], it signifies a rise in desired outputs and a reduction in undesired outputs, implying that AGTFP has exceeded the productivity level of the preceding period. Conversely, it would indicate a decline in AGTFP compared to the previous period. Additionally, the GML index comprises two components: Agricultural Green Technical Efficiency (GEC) and Agricultural Green Technological Advancement (GTC), detailed in equation (6):

[image: Mathematical expression showing "GML" raised to "t+1" in superscript and "t" in superscript, followed by a function of variables: x raised to "t+1", y raised to "t+1", b raised to "t+1", x raised to "t", y raised to "t", b raised to "t", enclosed in parentheses.]

[image: Mathematical equation featuring two main components separated by a multiplication sign. The left side is a fraction with the numerator and denominator containing functions \(D_C\) of variables \(x\), \(y\), and \(b\). The right component consists of a bracketed structure with a series of fractions, each involving functions \(D_C\) and \(D_G^T\) with variables \(x\), \(y\), and \(b\), with some marked by \(t+1\) and initials \(T\) and \(C\).]

[image: Mathematical formula showing the ratio of \( \frac{TE^{t+1}}{TE^t} \) multiplied by the fraction \( \frac{BPG_t^{t,t+1}}{BPG_{t+1}^{t,t+1}} \).]

[image: The equation shows: equals GEC raised to the power of t comma t plus one times GTC raised to the power of t comma t plus one, followed by equation number six in parentheses.]

In equation (6), [image: Mathematical expression showing "GML" with superscripts "t" and "t+1" greater than zero.], [image: Mathematical expression: \( GEC^{t, t+1} > 0 \).], [image: The mathematical expression showing "GTC" raised to the power of "t, t+1" is greater than zero.], and when values exceed 1, they, respectively, signify an enhancement in AGTFP, agricultural GEC, and agricultural GTC. Conversely, values below 1 indicate a decline in AGTFP, a decrease in agricultural GEC, and a regression in agricultural green technology.

For the selection of AGTFP indicators, this study considers the total agricultural output as the expected output, deflated to the base year of 2001 for measurement. For the measurement of undesired output indicators, this study draws on the approach of Liu and Feng (2019) and Ma et al. (2022), mainly utilizing the total carbon dioxide emissions, inefficient pesticide use resulting in soil residues, the quantity of agricultural film residue, and the overall emissions of diverse environmental pollutants, which include chemical oxygen demand, total nitrogen, and total phosphorus loss in aquatic environments. The input variables in this study are mainly: (1) Land input, quantified by the total cultivated area for crops; (2) Labor input, determined by the proportion of the planting industry’s value added to the combined value added of agriculture, forestry, animal husbandry, and fisheries, multiplied by the workforce in the primary sector; (3) Draft animal input, calculated using the count of large livestock; (4) Machinery input, gauged by the cumulative horsepower of farm machinery; (5) Irrigation input, evaluated by the actual area effectively irrigated; (6) Pesticides and agricultural film input, assessed based on their consumption; (7) Fertilizer input, estimated by the quantity of pure fertilizer used.

From the calculated results, between 2001 and 2021, China’s AGTFP continuously improved, exhibiting an annual average growth rate of 1.65%. Among these, the growth rate of agricultural GTC reached 11.46%, while agricultural GEC remained unchanged, indicating that the overall improvement in China’s AGTFP depends on advancements in agricultural GTC. Regionally, the annual average growth rates of AGTFP from 2001 to 2021 in the eastern, central, and western regions were 5.77, 4.99, and 5.85% respectively, and 5.85% respectively, with the western region recording the highest growth rate. Moreover, agricultural GTC in the eastern, central, and western regions exceeded 1, whereas agricultural GEC was below 1, suggesting that the growth in AGTFP across these regions was driven by advancements in agricultural green technology.



3.2.2 Core explanatory variable

The core explanatory variable in this paper is the policy variable ([image: Mathematical expression showing "treat subscript i multiplied by post subscript it."]). For the group dummy variable [image: Rendering of italic text showing the word "treat" with a subscript "i".], if province [image: Please upload the image you would like me to generate alternate text for.] has established a FTPZ, it takes a value of 1, otherwise, it takes a value of 0. For the policy implementation time dummy variable [image: Italic text reading "post it".], if province [image: Please upload the image or provide a URL so I can generate the alternate text for you.] has implemented a FTPZ during the current year and thereafter, it takes a value of 1, in all other cases, it takes a value of 0.



3.2.3 Control variables

The control variables in this study consist of the following parts: (1) Rural energy consumption ([image: The image shows the mathematical expression "lnrpc" in italicized text.]), gauged by electricity usage in rural regions. (2) Degree of disaster ([image: Mathematical expression displaying the differential element "d l" in italic font.]), quantified by the proportion of agricultural land affected by disasters to the total planted crop area. (3) Rural human capital level ([image: The image shows the word "rural" in italics.]), indicated by the average educational years per rural inhabitant. Following the calculation method of Li et al. (2022a,b), the average educational years for individuals with no education, primary school, middle school, high school, and university or above are assigned values of 0, 6, 9, 12, and 15 years, respectively, with the rural human capital level calculated as [image: The mathematical expression is: rural equals no times zero plus prim times six plus midd times nine plus high times twelve plus univer times fifteen.] (4) Trade dependency ([image: The text "atl" is presented in italicized lowercase letters.]), calculated by the agricultural product import and export value’s ratio to the total agricultural production value. (5) Degree of government intervention ([image: Text "gov" styled in a serif font.]), determined by the government fiscal spending to revenue ratio. (6) Per capita regional GDP ([image: Handwritten lowercase letters "r," "g," "d," and "p" using a stylized, cursive script.]), measured by the per capita GDP of each province and to eliminate the influence of price factors, this study uses 2001 as the base year for deflation.



3.2.4 Mediating and moderating variables

The variables mediating and moderating this study are the effect of agricultural structural upgrading ([image: Mathematical notation of a lowercase letter "u" followed by "p", "g", "r", "a" in a serif font style, with a slightly forward italic slant.]) and the effect of agricultural scale ([image: The word "scale" written in italic serif font.]), respectively. According to Han et al. (2023), the effect of agricultural structural upgrading is assessed by comparing the value of the tertiary industry to that of the secondary industry. Meanwhile, the effect of agricultural scale is calculated by the cultivated area of grain crops.




3.3 Data declaration

This study’s sample covers 30 provincial-level administrative regions in China from 2001 to 2021.1 The data used for calculating AGTFP are sourced from the “China Statistical Yearbook” and “China Rural Statistical Yearbook.” Meanwhile, the “China Rural Statistical Yearbook” provides data on rural electricity consumption, disaster severity, total agricultural production value, and the sown area of grains. The “China Statistical Yearbook” supplies original data on rural per capita years of education, government fiscal expenditure and revenue, per capita regional GDP, as well as the values of the tertiary and secondary industries. Additionally, data on agricultural product imports and exports are derived from the “China Agricultural Products Trade Development Report” and various provincial statistical yearbooks. Table 1 displays the descriptive statistics for the relevant variables.



TABLE 1 Descriptive statistics of related variable.
[image: Table showing various variables related to agriculture and the economy, their symbols, sample size of five hundred sixty, mean, standard deviation, minimum, and maximum values. Variables include agricultural productivity (agtfp), rural energy consumption (lnrpc), degree of disaster (dl), rural human capital level (rural), trade dependency (atl), government intervention (gov), per capita GDP (rgdp), structural upgrading effect (upgra), and scale effect (scale). The mean values range from 0.210 to 9.214, with associated standard deviations and value ranges provided for each variable.]




4 Analysis of empirical results


4.1 Baseline regression results

This paper evaluates the impact of the implementation of FTPZs on AGTFP using a progressive DID approach. Columns (1) and (2) of the regression model indicate whether time-fixed effects and province-fixed effects, respectively, are included without control variables. Columns (3) and (4) indicate whether time-fixed effects and province-fixed effects are included in the model on top of control variables. Detailed regression results are presented in Table 2. The findings indicate that the interaction term [image: Mathematical expression displaying the variables "treat" multiplied by "post".] is consistently significant at the 1% level and possesses a positive coefficient, irrespective of the inclusion of control variables or time-fixed and province-fixed effects. The variation in the magnitude of the [image: Text rendering showing the phrase "treat × post" in italics.] coefficient from columns (1) to (4) suggests that excluding control variables, time-fixed effects, and province-fixed effects may lead to an overestimation of FTPZs’ impact on AGTFP. In conclusion, the implementation of FTPZs can promote the enhancement of AGTFP, thus confirming hypothesis H1.



TABLE 2 Results of the baseline regression.
[image: Table presenting regression results with the dependent variable "agtfp" across four columns. Each column shows coefficients, standard errors, and significance levels for "treat × post" and the constant term. Year fixed effects, province fixed effects, and control variables are also indicated. Sample sizes are consistent at 560, with \(R^2\) values ranging from 0.1253 to 0.4080. Footnotes explain standard errors, significance levels, and control variables.]



4.2 Parallel trend test

Owing to the diverse implementation timelines of FTPZs across provinces, this paper employs a stepwise DID event study method for parallel trend tests. Specifically, it introduces a series of dummy variables: the dummy variables pre1 to pre6, representing the 1–6 years before the implementation of the FTPZs, the dummy variable current represents the year of FTPZs implementation, and the dummy variables post1 to post6 represent the 1 to 6 years after the implementation of the FTPZs. Using pre1 as the baseline, these dummy variables are added to the baseline regression model, resulting in the parallel trend test results depicted in Figure 2. The findings reveal that pre2 to pre6, there is no statistical significance, suggesting no notable discrepancies between the treatment and control groups prior to the establishment of the FTPZs. However, significant differences are observed post-implementation, with the policy effects of the FTPZs progressively manifesting, satisfying the parallel trend assumption. This supports the use of the stepwise DID method as a reasonable approach for assessing the impact of FTPZ implementation on AGTFP.

[image: Line graph depicting policy dynamic effects over different time periods labeled from pre6 to post6. The x-axis represents policy timing, while the y-axis shows the effects, ranging from negative five to positive five. Data points connected by lines show a generally upward trend from pre periods to post periods, with vertical error bars indicating variability at each point.]

FIGURE 2
 Parallel trend test.




4.3 Robustness test


4.3.1 PSM-stepwise DID

Given that the implementation of FTPZs is a strategic decision at the national level, the selection of pilot areas for FTPZs might be influenced by certain factors, potentially leading to selection bias in treating FTPZs implementation as a quasi-natural experiment. To solve sample selection bias and policy endogeneity, this paper initially applies the Propensity Score Matching (PSM) method to pair the treatment group with a suitable control group, using caliper nearest neighbor matching. It then re-estimates equation (1) with the matched sample set to minimize systematic variations between the treatment and control groups, thereby improving the study’s accuracy and reliability. Figure 3 shows the kernel density distribution of the propensity score values for both groups before and after matching, with the left side presenting the results before matching and the right side after matching. Post-matching, the kernel density functions of the propensity scores for the treatment and control groups are more closely aligned, indicating effective mitigation of sample selection bias. Table 3 shows the regression results from the stepwise DID estimation using data processed with the PSM method. The regression results confirm that the interaction term [image: The image shows the mathematical expression "treat × post" in italic font.] remains significant at the 1% level with a positive coefficient, whether control variables or fixed effects are included, further affirming the robustness of the conclusions outlined in Table 2.

[image: Density plots comparing treatment and control groups before and after matching. The left plot shows greater divergence before matching, while the right plot indicates closer alignment after matching, particularly around 0.1 to 0.3 on the x-axis.]

FIGURE 3
 Kernel density of propensity scores for samples before and after matching.




TABLE 3 PSM-stepwise DID regression results.
[image: Table detailing regression results with dependent variable \emph{agtfp}. Columns (1) to (4) display coefficient values for \emph{treat × post} and \emph{constant term} with standard errors in parentheses. Year and province fixed effects, and control variables vary across columns. Sample size is 370 for all. \(R^2\) values range from 0.1311 to 0.4247. Significance is denoted by asterisks. Control variables include aspects like energy consumption and GDP.]



4.3.2 Placebo test

To further confirm that the influence of FTPZs implementation on AGTFP stems from the policy effects of the FTPZs, rather than being affected by other policies or random factors, this study adopts the approach of La Ferrara et al. (2012) by conducting a placebo test through the random allocation of policy pilot provinces. Specifically, this study first randomly selects 21 provinces from the 30 provinces as a “pseudo treatment group,” assuming these provinces have implemented FTPZs, while the remaining serve as the control group. Then, a policy year is randomly assigned to these 21 “pseudo treatment group” provinces. Finally, with AGTFP as the dependent variable, 500 regressions are conducted. The results of the placebo tests are shown in Figure 4. From this figure, the estimated values of the placebo effects are concentrated within the −0.1 to 0.1 interval, and most of the p-values of these estimates exceed 0.1 (indicated by the solid line in Figure 4), meaning they are not significant at the 10% significance level; whereas the estimated value of the policy effect in this study (indicated by the dashed line in Figure 4) of 0.1581 is a clear outlier. This suggests that the policy effect estimated in this study is unlikely to be accidental, thereby indicating that the impact of FTPZs on AGTFP is unlikely to be disturbed by other policies or random factors.

[image: Density plot depicting the relationship between P-value and estimated value. The plot shows a narrow, peaked curve centered at zero. A blue line represents P-value and a red line represents the estimated value. The x-axis ranges from negative 0.20 to 0.20, while the y-axis shows P-value on the left and density on the right.]

FIGURE 4
 Placebo test results.




4.3.3 Trimming and winsorizing the sample

To minimize the impact of outliers in the sample data on the empirical results of this study, a decision was made to trim and winsorize the sample at the 1% tails. Specifically, winsorizing involved replacing sample values greater than the 99th percentile and less than the 1st percentile with the sample values at the 99th and 1st percentiles, respectively. In contrast, trimming involved replacing sample values greater than the 99th percentile or less than the 1st percentile with missing values. The study then re-estimates equation (1) using the trimmed and winsorized samples to test the robustness of the study’s conclusions. The regression results, presented in columns (1) and (2) of Table 4, demonstrate that the interaction term [image: Text showing "treat × post" in italic script.] remains significant at the 1% level with a positive coefficient, implying that the regression results are largely unchanged following these procedures, further affirming the robustness of the conclusions outlined in Table 2.



TABLE 4 Robustness test regression results.
[image: Table displaying regression results with six columns for different models: Winsorizing, Trimming, and percentiles of 25th, 50th, 75th, excluding municipalities. Variables include interaction term "treat x post," constant term, year fixed effects, province fixed effects, control variables, sample size, and R-squared. Interaction term coefficients range from 0.0724 to 0.1776 with significance noted by asterisks. All models include year and province fixed effects, and control variables. Sample sizes differ slightly across models.]



4.3.4 Robustness test based on quantile regression

To avoid the issue of fitting a single regression line around the dependent variable in the baseline regression, this study employs quantile regression to re-estimate equation (1). Quantile regression, a non-parametric method, estimates regression coefficients at various quantiles of the dependent variable, thereby allowing a more nuanced examination of the robustness of the baseline results. Specifically, this research re-estimates equation (1) at the 25, 50, and 75% quantiles of the dependent variable. The regression results, presented in columns (3)–(5) of Table 4, demonstrate that the impact of FTPZs implementation on AGTFP is highly significant across these quantiles, confirming that FTPZs significantly promote AGTFP at different levels of AGTFP. Notably, the positive promotional impact of FTPZs implementation is most pronounced at the 75% quantile, indicating that the FTPZs implementation has its strongest effect on AGTFP at higher AGTFP levels.



4.3.5 Excluding samples from municipalities

In the baseline regression model equation (1), this study utilizes samples that include the four municipalities: Shanghai, Beijing, Tianjin, and Chongqing. Due to significant differences in agricultural development and resource endowments between these municipalities and other provinces, variations in the effects of FTPZs implementation may occur. Therefore, this study excludes the samples from the four municipalities and re-estimates equation (1) for a robustness check, with regression results presented in column (6) of Table 4. The findings indicate that the interaction term [image: Text displaying the words "treat" and "post" in italics, separated by a multiplication symbol.]remains significant at the 1% level with a positive coefficient, confirming that the implementation of FTPZs continues to have a significant positive effect on AGTFP. Thus, it is concluded that the baseline regression results are valid and the empirical findings are robust.




4.4 Heterogeneity test

Influenced by economic structure, topography, historical culture, and climatic differences, China’s economic landscape and grain production regions exhibit significant disparities. Hence, this paper examines the diverse impacts of FTPZs implementation on AGTFP by considering the characteristics of geographical locations and grain production functional areas, with regression results presented in Table 5. First, the study explores the heterogeneity of geographical locations by categorizing China into eastern, central, and western regions based on geographical characteristics2 and re-estimates equation (1) using samples from these regions. As shown in columns (1)–(3) of Table 5, in the eastern and central regions, [image: Mathematical expression showing "treat" multiplied by "post" with an italicized font.] is significant at the 1% level with a positive coefficient, while it is not significant in the western region. This indicates that the FTPZs implementation primarily enhances the AGTFP in the eastern and central regions, possibly due to their relatively higher economic development, stronger farmer innovation capabilities, and more abundant capital. These regions can more quickly absorb and promote new agricultural green production technologies and concepts, enhancing the efficiency of regional agricultural resource distribution and reducing ecological and environmental pressures. However, the number of pilot free trade zones set up in the western region is less than that in the eastern and central regions, and the absorption of foreign advanced agricultural green technologies is slower. Moreover, the western region is mostly hilly and mountain areas, land resources are scarce, and the population is relatively small, so it cannot effectively promote the green development of agriculture in a timely manner. Therefore, the coefficient in the heterogeneity test is positive but not significant. Additionally, by dividing China into major grain-producing areas and non-major grain-producing areas3 based on the classification of grain production functional zones. It then re-estimates equation (1) using samples from both types of areas separately. Columns (4) and (5) of Table 5 show that, the interaction term [image: The text "treat × post" is displayed in italicized font.]remains significant at the 1% level with a positive coefficient in both areas. Notably, the coefficient magnitude is larger in major grain-producing areas, suggesting that FTPZs have a greater promotional effect on AGTFP there. A possible explanation is that since agricultural production in these areas is directly related to national food security, the innovative measures for green agricultural development in FTPZs policies have received more support, leading to the advancement of green agricultural production technologies. This includes the introduction of advanced planting and farming techniques, as well as intelligent and digital agricultural equipment, contributing to continuous improvement in AGTFP in major grain-producing areas.



TABLE 5 Heterogeneity test regression results.
[image: Regression table comparing geographical location characteristics and grain production functional areas. Variables include "treat × post," "Constant term," and fixed effects. Significance levels are denoted by asterisks. Sample sizes and \( R^2 \) values are given for Eastern, Central, Western, Major grain-producing, and Non-major grain-producing areas. Parentheses contain robust standard errors, with control variables listed in the note.]



4.5 Test of mediating effect

This paper investigates the mechanism by which the implementation of FTPZs affects AGTFP by treating the effect of agricultural structural upgrading ([image: It seems like there may be an issue with uploading the image. Please try uploading the image again, and I would be happy to help you generate alternate text for it.]) as a mediating variable. The regression results presented in Table 6. Column (1) shows the baseline regression results, while column (2) estimates equation (2) with the agricultural structural upgrading effect ([image: It seems there was an issue with the image upload. Please try uploading the image again, and I can help generate the alternate text for it!]) as the dependent variable, examining the impact of FTPZs implementation on the agricultural structural upgrading effect. The results in column (2) indicate that the interaction term [image: Mathematical expression showing "treat" multiplied by "post" with an italic font style.] is significant at the 1% level with a positive coefficient, demonstrating that the implementation of FTPZs notably promotes agricultural structural upgrading in pilot provinces. The implementation of FTPZs creates an open policy environment that attracts both domestic and international investment. Coupled with the diversified financial services and products available in FTPZs, such as agricultural insurance, futures trading, and green credit, a more abundant and flexible financing channel is provided for agriculture. This facilitates the growth of high-value-added agricultural sectors, like facility agriculture, ecological agriculture, and the deep processing of agricultural products, thereby further advancing the optimization and upgrading of the agricultural industrial structure. Additionally, extensive research shows that agricultural structural upgrading is beneficial for the enhancement of AGTFP (Xiao et al., 2022; Lei et al., 2023; Zhou et al., 2024). By developing agricultural service industries, particularly rural tourism, agricultural structural upgrading fosters changes in agricultural production methods. Through optimizing the structure of agricultural products, ecological and organic agriculture, and other green agricultural practices, have seen rapid development, thereby enhancing AGTFP.



TABLE 6 Mediation effect test and its robustness check.
[image: Regression table displaying three models with dependent variables: agtfp (models 1 and 3) and upgra (model 2). Key coefficients include treat × post and treat × post × upgra_1, with significance levels indicated by asterisks. Control variables, province and year fixed effects, and sample size details are provided. Model 1 has an R-squared of 0.4080, model 2 is 0.8946, and model 3 is 0.5623. A note explains significance levels and control variables used.]

Furthermore, this study tests the robustness of the mediating effect by constructing a triple difference (DDD) method. Specifically, it involves setting the dummy variable for the agricultural structural upgrading effect ([image: Text "upgra_1" is shown, with a portion missing to the right, suggesting incomplete or cropped text.]) and the interaction term [image: Mathematical expression displaying the product of three variables: "treat," "post," and "upgra," followed by a subscript of negative one.]. The dummy variable [image: Text reads "upgra_1" with a style mimicking mathematical notation, signifying a potential mathematical variable or placeholder, ending with an underscore and the number one.] takes a value of 1 when the agricultural structural upgrading effect is at a higher level (above the median) and 0 at a medium to low level (below the median). Column (3) of Table 6 displays the regression results for the triple difference model. The findings show that the interaction term [image: Mathematical expression showing the product of three variables: treat, post, and upgra, followed by subscript 1.] is significant at the 1% level with positive coefficient. This reveals that, compared to the group with a lower level of agricultural structural upgrading effect, the implementation of FTPZs in the group with a higher level of agricultural structural upgrading effect exerts a stronger promotional influence on AGTFP. This further validates the research conclusion of the aforementioned mediation effect test. The implementation of FTPZs can promote agricultural structural upgrading in pilot provinces, thereby driving the growth of regional AGTFP. Therefore, the mechanism “FTPZs policy—agricultural structural upgrading effect—AGTFP” is validated, confirming hypothesis H2.



4.6 Test of moderating effect

Columns (1) and (2) of Table 7 test the moderating role of agricultural scale on the impact of FTPZs implementation on AGTFP. Moreover, to avoid multicollinearity among variables, the variables are centralized before constructing the interaction term. This paper employs a moderating effect model to estimate equation (3), with the regression results displayed in Table 7. Column (1) presents the regression results without control variables, while column (2) includes them. The results indicate that, in both columns (1) and (2), [image: Text displaying "treat × post" in italics.] is significant with positive coefficient, and the interaction term [image: Italicized mathematical expression showing the product of three variables: "treat," "post," and "scale."] is significant and the coefficient is positive. This implies that an increase in agricultural scale amplifies the positive effect of FTPZs on AGTFP, meaning that the agricultural scale effect has a positive moderating role in the impact of FTPZs implementation on AGTFP, thus confirming hypothesis H3. Agricultural scale operations within FTPZs promote the extensive use of advanced farming technologies, which not only enhance crop yield and quality but also markedly decrease reliance on inputs like fertilizers and pesticides. Large-scale agricultural production in FTPZs more easily achieves the integration and optimization of the industrial chain, promoting resource efficiency and the adoption of environmental protection strategies in agricultural production, further enhancing AGTFP.



TABLE 7 Test of moderating effect.
[image: Regression results table comparing two models with dependent variables \( \textit{agtfp} \). Coefficients for \( \textit{treat} \times \textit{post} \) are \( 0.109 \) (Model 1) and \( 0.132 \) (Model 2), both significant at 1%. \( \textit{Scale} \) coefficient is \(-0.094 \) (Model 1) significant at 10%, and \(-0.126 \) (Model 2) significant at 5%. Interaction \( \textit{treat} \times \textit{post} \times \textit{scale} \) has coefficients \( 0.065 \) (Model 1) significant at 10%, and \( 0.084 \) (Model 2) significant at 1%. Models include province and year fixed effects; Model 2 includes control variables. \( R^2 \) values are \( 0.3799 \) and \( 0.4090 \).]




5 Discussion

In our research, we discovered that FTPZs significantly positively affect AGTFP. A possible reason is that FTPZs, serving as experimental fields for deepening China’s reform and opening up, further enhanced China’s level of opening to the outside world. They provide a favorable policy environment and market conditions for agricultural policy reform and agricultural science and technology innovation. Simultaneously, FTPZs focus on green development by establishing stricter environmental standards, implementing tax reductions and environmental protection subsidies, and promoting the widespread adoption of green agricultural production technologies and management concepts. This subsequently led to a reduction in the use of fertilizers and pesticides during the production of agricultural products, effectively improving AGTFP. Unlike previous studies that focused on the effect of FTPZs implementation on urban green total factor productivity (Ma et al., 2021; Jiang et al., 2021; Wang et al., 2022), this study takes an agricultural perspective to explore the impact of FTPZs on AGTFP, expanding a new dimension of research on the impact of FTPZs on green total factor productivity. While conducting heterogeneity analysis, we discovered that FTPZs significantly boost AGTFP in major grain-producing areas but have a lesser impact in non-major grain-producing regions. The potential reasons are that major grain-producing areas typically receive more policy support and resource input, have superior infrastructure and technology promotion conditions, and experience relatively stable market demand. Furthermore, the environmental conditions in these areas are conducive to green agricultural development. Conversely, non-major grain-producing areas are comparatively weaker in these aspects, which restricts the improvement of green total factor productivity. Additionally, we found that FTPZs can enhance AGTFP through agricultural structural upgrading. This finding aligns with many studies that use agricultural structural upgrading as a mediating variable to examine its impact on agricultural green development (Lei et al., 2023; Zhou et al., 2024), offering a solid choice of mechanism variable for future research. However, this study faces certain limitations due to the difficulty in obtaining data. It only discusses the impact of FTPZs at the provincial level in China and does not conduct a detailed study at the municipal level. Hence, as more data become available, future researchers can investigate the impact of FTPZs on agricultural green development at the municipal level.



6 Conclusion

FTPZs have consistently prioritized green development, integrating the concept of green growth throughout their development process. This approach acts as a major impetus for achieving agricultural green development. Thus, systematically analyzing the logical connection between FTPZs and AGTFP holds significant practical significance and value for deepening rural operational system reforms, accelerating agricultural modernization, and promoting sustainable agricultural development. Utilizing panel data sourced from 30 provinces within China, spanning the years from 2001 to 2021, this paper, on one hand, uses the super-efficiency SBM model and the GML index to measure China’s AGTFP and its dynamic changes. On the other hand, it employs a stepwise DID method to empirically explore the impact of FTPZs implementation on AGTFP as well as the underlying mechanisms. Through theoretical analysis and empirical testing, the paper concludes that the implementation of FTPZs significantly enhances AGTFP. The robustness analysis uses methods such as PSM-stepwise DID, placebo tests, winsorizing, trimming, and excluding municipalities to show that the regression results are consistent with the baseline results, confirming the robustness of the conclusions. The heterogeneity analysis reveals that FTPZs in the eastern and central regions, and particularly in major grain-producing areas, have a stronger promotional effect on AGTFP. Mechanism analysis indicates that FTPZs enhance AGTFP primarily through the effect of agricultural structural upgrading and that the agricultural scale effect has a positive moderating role in the impact of FTPZs on AGTFP.

Based on this study’s conclusions, the following policy recommendations are proposed: First, optimize agricultural measures related to FTPZs. The current policies related to green agricultural development in FTPZs are relatively limited. To further enhance AGTFP, implement green subsidy policies that provide financial subsidies and tax incentives to agricultural operators who adopt practices focused on energy-saving, emission reduction, recycling, and ecological protection. These incentives should guide agriculture toward green, environmentally friendly, and sustainable development, thereby improving AGTFP. Additionally, strict agricultural environmental protection standards and resource management systems should be developed and enforced to strengthen the environmental regulation of agricultural production activities within FTPZs, preventing and mitigating ecological harm from agricultural activities and securing sustainable agricultural development. Second, promote agricultural structural upgrading and scale enhancement. The effect of agricultural structural upgrading and agricultural scale effect are important channels through which FTPZs impact AGTFP. Therefore, the transformation of agriculture toward service-oriented agriculture, including the development of leisure agriculture and agro-tourism, should be encouraged. Corresponding policy measures should be devised to simplify land transfer procedures, encouraging and guiding the development of new types of agricultural operators, and realizing scale operation in agriculture. Lastly, promote agricultural green development according to local conditions. The western regions and non-major grain-producing areas face natural and economic conditions different from those in the eastern and major grain-producing areas. This requires the formulation of more targeted policies to promote green agricultural development in these regions. Through policy instruments like financial subsidies, tax benefits, and financial assistance, extend increased support to promote the green development of agriculture in the western regions and non-major grain-producing areas. This includes rewarding agricultural operators who adopt green production technologies, providing market promotion support for specialty and eco-friendly agricultural products, and offering financial support for agricultural technology innovation projects.
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Footnotes

1   Hong Kong and Macau Special Administrative Regions, Taiwan Province, and the Tibet Autonomous Region are not included in the research sample due to varying degrees of missing statistical data.

2   Eastern region: Shanghai, Zhejiang, Fujian, Guangdong, Hainan, Guangxi, Jiangsu, Tianjin, Beijing, Hebei, Shandong, Liaoning; Central region: Jiangxi, Hunan, Hubei, Heilongjiang, Inner Mongolia, Jilin, Anhui, Shanxi, Henan; Western region: Qinghai, Xinjiang, Shaanxi, Gansu, Sichuan, Chongqing, Ningxia, Yunnan, Guizhou.

3   The major grain-producing areas include Henan, Hebei, Hunan, Jilin, Inner Mongolia, Jiangxi, Anhui, Liaoning, Jiangsu, Hubei, Shandong, Sichuan, and Heilongjiang, totaling 13 provinces.
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Mariculture, a sustainable and rapidly growing aquaculture sub-sector, meets global seafood demand while reducing strain on wild fish stocks and continues to expand worldwide. However, rising feed and seed costs pose significant challenges, overshadowing other farming expenses. Climate change exacerbates the profitability of sea cage farming, increasing volatility. The surge in fishmeal costs has a detrimental impact on operational expenditure (Opex) and continues to be a threat. Consequently, sea cage farming in India is at a critical juncture, needing a balance between technological advancements and stakeholders’ fiscal needs. In this context, this study examines peer-reviewed synthesized data by employing metrics to evaluate the implications of feed and seed costs in Asian Seabass (Lates calcarifer) sea cage farming over a 10-year horizon. The total sales revenue over the 10-year period was US $100,848, with a net profit of US $55,198.89. A 30% increase in feed and seed prices significantly altered the economic dynamics of the enterprise, leading to an 8.8 and 9.2% rise in the respective break-even points. There was also a significant effect on the Benefit–Cost Ratio (BCR), with a 30% increase in each factor resulting in a 10 and 18% change in the projected BCR, respectively. Therefore, the significance of feed and seed cost has been established, necessitating an inevitable shift from low-value fish to formulated feed adaption for sustainable mariculture development. The study suggests improvements to existing practices to maximize efficiency and minimize production costs.
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 mariculture; Asian seabass; Opex; economic analysis; climate change; sustainability; production costs


1 Introduction

In the wake of the impending Ocean 4.0 blue economy era, sea farming has been identified as a potential marine business and an investment opportunity for all maritime nations. Among them, India is the third largest fish producer, accounting for 8% of global production and with an export value of up to US $8.09 billion in the year 2022–2023 (MPEDA, 2022). Due to the non-availability of cultivable land for aquaculture, driven by the growing population, open sea mariculture is acquiring significance as a potential and innovative solution to improve global food security (Ye et al., 2022). Asian seabass, Lates calcarifer, is a finfish species with considerable economic significance and importance with its widespread area of distribution and popularity on a global scale (FAO, 2023). The expansive occurrence of this particular species extends across tropical and sub-tropical regions, especially within the Indo-West Pacific, spanning from the eastern edge of the Persian Gulf to China, Taiwan, and southern Japan, and further southward to include southern Papua New Guinea and northern Australia (FAO-FAD, 2020; Fish Base, 2023). Owing to the technological advancements in seed production standardization and hatchery production, Asian seabass has emerged as a prominent marine finfish variety (Arasu et al., 2008; Thirunavukkarasu et al., 2009), cultured in marine ecosystems, ocean nursery brackish estuaries, and fresh waters as monoculture or polyculture (Sorphea et al., 2019). Globally, seabass has a vast domestic and international market demand for its products (Hassan et al., 2021; Future Market Insights, 2021). These major factors have incentivized the fishermen and stakeholders to engage in Asian seabass mariculture in sea cages along the territorial waters. However, as a high-value mariculture species, seabass requires high-protein diets, which have traditionally relied on fishmeal and fish oil derived from wild pelagic fish resources. Edwards et al. (2004) have duly reported that conventional aquaculture methods that rely on low value as a direct feed are unlikely to grow considerably in the future. This places the fishermen in a difficult predicament and can lead to financial losses. In addition, economic projections centered around seabass cage culture, especially on implications of feed and seed costs in the face of climate change are still relatively scarce.

Feed is an integral component of production economics (Bakİ and Yücel, 2017), with low-value fish making up the majority of the feed in the marine aquaculture (Bunlipatanon et al., 2014). Nevertheless, the same scenario (low-value fish as feed) has prevailed from the genesis of the indigenous sea cage farming activities since 2007. Of the total aquaculture production, 20 million tons are used for non-human consumption, mainly for fishmeal and fish oil production (16 million tons, 81%). The global fishmeal market is expected to reach US $10.31 billion by 2027, with an increasing CAGR of 4.1% during 2021–2027 (Fish Meal Market: Global Industry Trends, Share, Size, Growth, Opportunity and Forecast 2022-2027, 2024). Despite all these statistical assessments, the use of low-value fish is exponentially found in other feed industries (Allen, 2004; Funge-Smith et al., 2005). Hence, relying on low value for a long time in commercial aquaculture may not lead to positive revenues. Species such as anchovy, capelin, sand eel, and sardines, used for commercial fishmeal, are fast-growing, short-lived pelagic species. The productivity of these species experienced a 50% decline in the North Atlantic Ocean and a 20% reduction globally. This decrease resulted in a diminished supply of raw materials essential for fishmeal production (Schmittner et al., 2003). Moreover, the short-term (El Niño, ENSO) climate variability patterns cause significant reductions in Humboldt anchovy production (Chavez et al., 2003). The production of fishmeal from wild-catch sources is gradually decreasing, leading to the development of low-cost, eco-friendly feed for various species (Baruah et al., 2017). As a direct consequence of all these factors, there have been reports of decreased worldwide fishmeal production in the first 7 months of 2022 (IFFO Reports, 2024). This has caused a demand–supply disruption in the fishmeal industry, which has subsequently led to higher prices. According to the Global Animal Protein Outlook 2023 report, the price of fish meal in 2022 reached US $1,600 per ton, which was significantly higher than the prices seen in recent years (Animal Feed Protein Market Share Statistics Report 2023-2032, 2024).

Climate change significantly challenges marine cage farming by causing extreme weather events that disrupt the ocean’s biophysical environment and mariculture operations. These changes negatively affect the growth, activities, survival, and overall production of marine cage culture species, impacting the industry’s economic and social aspects (Chang et al., 2013; Parsons and Lear, 2001; Takasuka et al., 2007). Instances of severe mortalities in marine sea cages due to extreme weather conditions have been reported, resulting in substantial economic losses. For instance, Hsieh et al. (2008) and Chang et al. (2009) documented cases of mass mortalities in the Penghu Archipelago, Taiwan Strait, which led to a loss exceeding US$10 million. Such incidents demonstrate the vulnerability of cage mariculture to the intensifying effects of climate change (Callaway et al., 2012; Chang et al., 2013; Rosa et al., 2012).

Another major challenge in Asian seabass aquaculture is the limited availability of productive genetic lines and high-quality seeds, hindering commercial mariculture expansion (Pham, 2019). Effective aquaculture practices and prevention of wild fishery depletion require specific seed production management strategies (Shah et al., 2020). It is beyond one to successfully grow marine fish throughout their whole life cycles due to the complexity of their eggs and the tiny size of their larvae when they are first fed (de Jesus-Ayson and Ayson, 2013). In India, the culture of marine fish has taken off as a result of the development of indigenous open sea cage farming of Asian seabass by the Indian Council of Agricultural Research (ICAR)–Central Marine Fisheries Research Institute (CMFRI) and the advancement of hatchery methods by Rajiv Gandhi Centre for Aquaculture (RGCA), which has allowed the production of fry at a regulated price (Kandan, 2009).

Currently, seed dissemination is not well organized and requires a substantial overhaul (Idris et al., 2022). Finding private hatcheries capable of effectively managing and supplying improved brood stock for mass-scale breeding is challenging. Additionally, climate change poses long-term consequences, including the limited availability of wild stock due to reduced growth and survival rates (Barange et al., 2018). The same scenario is reflected majorly across the country coast with capture-based mariculture of seabass in cages. The cost and availability of fishmeal are critical limiting factors for the production of formulated feed required in Asian Seabass culture. Due to climate change, the availability of low-cost fish species (Barange et al., 2009) used for fishmeal production has decreased, leading to increased fishmeal costs. This rise in fishmeal costs subsequently increases feed costs, ultimately affecting the productivity and economic feasibility of seabass culture. This demonstrates a clear connection between feed availability, seed costs, and the broader impacts of climate change on the aquaculture industry. To meet the rising demand for stockable size seeds, central and state administrations have initiated efforts. However, gaps in the consistent supply of stockable size seeds and seasonal integration for sea farming in India need resolution.

Given these considerations, we have analyzed time series data over a decade (2009–2020) to elucidate the dynamics of economic efficiency in seabass cage farming in India and to project the future economic efficiency of this farming innovation directly or indirectly under changing climate conditions. The main objective of this study was to provide an economic analysis of Asian seabass cage farming, focusing on the input costs of feed and seed, and to develop a climate-resilient and sustainable mariculture system in India.



2 Methodology


2.1 Data and cost assessment framework

For the purpose of optimizing investment choices and anticipating the interaction of economic elements in aquaculture enterprise building, we base our projections on data that has been spatio-temporally validated and gathered over a period of 10 years (2009–2020) from peer-reviewed data extraction from the publications. We utilize credible, peer-reviewed data sources that are technically reliable and consistent with the expanding sea cage farming industry in India. The collected data were then segregated into categories, with a specific focus on the farming system (sea cages), biological production outputs (harvests/produce), dimension (size of the cages/production volumes), and input cost structures (Capex and Opex). By evaluating the changes over time and across different locations along the coastline, insights into the spatio-temporal dynamics of the production system along with production capacity were considered. The costs associated with seed and feed were the central part of the analysis. Changes in production were then compared using relevant metrics and developed a framework for authentic data collection as shown in Figure 1.

[image: Map highlighting seabass cage farming sites in India, with detailed insets for Andhra Pradesh, Tamil Nadu, Odisha, Karnataka, and Kerala. Below, a timeline from 2007 to 2020 depicts production data, feed conversion ratios (FCR), and harvest costs in USD for different studies and years, showing trends in feed type and economic metrics.]

FIGURE 1
 Timeline of Asian Seabass harvest indicating increase in FCR and per unit feed cost.


In view of the importance of baseline in reliable assessment, we have conducted a baseline economic assessment of Asian Seabass (L. calcarifer) in order to have a better understanding of how the cost of feed and seed contributes to the overall cost of production under climate changes. Operational costs such as labor charges, capacity building costs, maintenance expenses, administrative overhead, and depreciation were excluded during the analysis as their implication is insignificant to the total production cost while feed and seed costs contribute the maximum production cost of the facilities (Bakİ and Yücel, 2017; Aswathy and Imelda, 2018). Market data were gathered through primary surveys and secondary sources from the coastal states of India. By accounting for both long-term trends and short-term fluctuations, these data support a comprehensive evaluation of market dynamics and aid in making well-informed judgments within the model. Furthermore, real-time data were collected by team members and validated using available peer-reviewed literature in the public domain and from institutional research and development repositories, including Mojjada et al. (2013), Mojjada et al. (2012a), Rao et al. (2013), Mojjada (2015), and Aswathy and Imelda (2018, 2020) for Asian seabass cage farming. These data were considered in the analysis to arrive at reliable fiscal projections and input decision optimization (Table 1). The enterprise budget of sea cage culture is represented in Table 2.



TABLE 1 Details of variable, semi-variable, and fixed cost.
[image: Table detailing costs and percentages for production. Variable and semi-variable costs: seed $544 (17%), feed $1,100 (34%), transportation $60 (2%), labor $1,015 (31%), totaling $2,719. Annual fixed costs: depreciation $418 (13%), insurance $97 (3%), administrative expenses $18 (1%), totaling $533. Total production cost is $3,251. Source: Mojjada et al. (2023).]



TABLE 2 Projected profit and loss statement.
[image: Table comparing Year-1 and 10-year cumulative financials in dollars. Sales: 6,815 and 100,848; Direct cost total: 2,719 and 40,235; Gross profit: 4,096 and 60,613; Fixed cost total: 115 and 1,235; EBITDA: 3,981 and 59,378; Depreciation: 418 and 4,179; Net profit: 3,563 and 55,199. All values are rounded to the nearest whole number.]



2.2 Production model and profit impact evaluation

The baseline economic, biological, and technical data from Mojjada et al. (2013), Mojjada et al. (2012a), Rao et al. (2013), Mojjada (2015), and Aswathy and Imelda (2018, 2020) have been integrated, and compared in the evaluation process to increase the validity. We used an extensively practiced and locally developed floating sea cage farming system to study the dynamics and interactions of economic factors. Specifically, we focused on a floating sea cage with a 6-m diameter and a production volume ranging from 150 to 170 m3, actively promoted under national schemes and recognized as a farmer-scale model, for data acquisition and analysis. Table 3 illustrates the anticipated cost structure and life expectancy of the capital items utilized for the culture of this species through which the results depicted in Table 4 were obtained. To enhance the business model and improve fiscal decision-making, we developed a baseline by integrating peer-reviewed studies and data on the mariculture of Asian seabass (Lates calcarifer). This comprehensive approach utilized findings from Mojjada et al. (2013) and Mojjada (2015), ensuring a robust foundation for optimizing economic strategies in mariculture operations. To address the variability in culture system sizes, production volumes were standardized, and production quantities were calculated per unit of output for rationalization and easy understanding. The culture species, growth performance, and culture duration (harvest time) were the biological components of the study. The important biological and production variables were considered, including increases in length and weight (%), increment in weight per day (grams), the specific growth rate (SGR), and survival rate (%), as shown in the following equations (Equations 1–5) (Table 4):

[image: Formula for calculating weight gain percentage: weight gain (%) equals the difference between final mean body weight and initial mean body weight, divided by initial mean body weight, multiplied by one hundred.]

[image: Formula for Weight Increment: (Final mean body weight minus Initial per day body weight) divided by Number of Days.]

[image: Length increment formula shown as: Length Increment equals the difference between final mean body length and initial body length, divided by the number of days. Equation number three.]

[image: Formula for Specific Growth Rate (%) is shown: \([\frac{\ln (\text{final mean body weight}) - \ln (\text{initial mean body weight})}{\text{Number of Days}}] \times 100\).]

[image: Formula for survival rate: Survival rate (%) equals the number of fishes at the end of the experiment divided by the number of fishes at the start of the experiment, multiplied by one hundred.]



TABLE 3 The cost structure of the indigenous cage farming system and life expectancy of components.
[image: Table detailing the components of a cage system, cage net bags, and mooring materials. Columns include names, details, economic life in years, investment in dollars, component cost percentage, and annual depreciation in dollars. The cage floating frame has the highest investment and cost percentage. The total investments sum to reflect a hundred percent cost distribution.]



TABLE 4 Growth parameters of Asian Seabass and production based on Mojjada et al. (2012b) and Mojjada (2015).
[image: Table displaying data on average production, including values such as average harvest weight (996.62 g), average harvest length (29.45 cm), feed conversion ratio (0.17), maximum length (482 mm), and specific growth rate (2.05 g).]

The financial and production data that were synthesized from the baseline were employed in order to realize the consequences of feed and seed costs on the production cost. The economic feasibility of the project was then assessed using a variety of important economic metrics, including the Net Present Value of the Project (NPV), Internal Rate of Return (IRR), Benefit–Cost Ratio (BCR), Repay Back Period, Net Profit Margin, and Breakeven point analysis (BEP) represented by the equations (Equations 6–11) below:

[image: Net Present Value equation: NPV equals negative INV plus the sum from t equals 1 to T of NCF sub t over 1 plus r to the power of t, labeled as equation 6.]

where INV = initial investment, NCF = net cash flow, r = weighted average cost of capital for discounting, and t = time period of the cash flow.

[image: Equation for internal rate of return: cash flows divided by one plus r to the power of i, minus initial investment, labeled as equation seven.]

where r = discounted rate and i = time;

[image: Benefit to cost ratio (BCR) formula is presented. BCR equals the sum from t equals zero to n of cash inflows divided by one plus i to the power of t, divided by the sum from t equals zero to n of cash outflows divided by one plus i to the power of t. This is labeled as equation eight.]

where i = discount rate, n = number of periods, t = period that the cash flow occurs.

[image: Formula for calculating the payback period, defined as the initial investment divided by cash flow per year. Equation number nine.]

[image: Net profit margin equals net sales minus operation cost, divided by net sales. Equation labeled as ten.]

[image: Equation for breakeven point (BEP) shown as fixed annual cost divided by the difference between sale price per unit and variable cost per unit, labeled as equation eleven.]

Sensitivity analysis has been performed to assess the future point of fiscal risks of the enterprise and to understand the magnitude of price reaction to changes in underlying factors. Another important element in the assessment of projects is the sensitivity to production costs, which will directly reflect the operational components such as feed and seed. The potential threat to revenue from rising input costs was thoroughly analyzed. Net profit sensitivity, BCR sensitivity, and net present value (NPV) sensitivity were conducted. Therefore, the present research measured the profit sensitivity with respect to the changes in the feed and seed costs, and the sensitivity test suggested positive or negative factor modifications.




3 Results

The economic analysis could examine how the market price and input cost, specifically seed and feed cost in the present study, affect the cage aquaculture profitability in particular to Asian seabass (L. calcarifer), which is a highly sought-after mariculture species in cages (Supplementary Table S1). Evaluation of the net profit margin demonstrated favorable returns from the first year of farming (Figure 2). The total sales revenue was recorded to be US $100,848 from the data analysis over the 10-year horizon, with a net profit of US $55,198.89. With an average net profit margin of 56.6%, it was clearly established that the business is quite profitable after sales. The findings suggest that even a relatively modest increase in feed and seed prices can have a substantial impact on the economic viability of the enterprise. An 8.8–9.2% increase in break-even points indicates that the business would need to generate significantly more revenue to cover its costs, highlighting the importance of managing input costs effectively. The results indicated that shifts in the feed and seeds had a significant effect on BCR, with an increase of 30% in each of these factors resulting in a 10 and 18% change in the projected BCR, respectively (Figure 3). Furthermore, the farming operation could make the indicated profits if the capacity utilization was to the fullest extent and since fixed cost structures remain the same across different levels of capacity utilization, higher capacity utilization results in a higher net profit (Figure 4). Overall, the benefits from this investment were calculated using the BCR and were found to be twice the cost. Figure 5 illustrates the sensitivity of the net present value with regard to the capacity utilization and the direct cost. According to the results, the net present value (NPV) dropped to US $14,998.82 for the most hostile instance of the capacity utilization scenario (a decline in capacity utilization by 25%), while it was reduced to US $20,849.09 when the capacity utilization was reduced to 15%.

[image: Radar chart depicting the net profit margin over ten years. Starting at 56% in Year 1, decreasing gradually to 50% by Year 6, increasing slightly to 52% in Year 7, then increasing again to 54% by Year 10. Data points are connected by a dotted line with triangular markers.]

FIGURE 2
 Net profit margin implication over a period of 10-year horizon.


[image: Bar chart depicting the Benefit-Cost Ratio (BCR) against changes in seeds, feed, and labor cost, ranging from -30% to +30%. Blue bars represent seed changes, orange line for feed, and gray line for labor. A fish image overlays the chart.]

FIGURE 3
 Benefit to cost sensitivity against change in feed and seed cost.


[image: Line graph showing net profit in dollars versus capacity utilization percentage. Two lines are depicted: a solid green line increasing linearly from 5% to 100% utilization, and a dotted blue line curving upwards at a decreasing rate.]

FIGURE 4
 Net profit on the background of different capacity utilization.


[image: Bar and line chart showing net present value (NPV) in dollars relative to variation percentages. Blue bars represent capacity utilization, decreasing from zero percent to twenty-five percent. An orange line represents direct cost, showing a declining trend in NPV as variation increases.]

FIGURE 5
 Net present value sensitivity variation (%).




4 Discussion

The adverse effects of climate change on agricultural production pose significant challenges to the quantity and quality of global food security (Fatima et al., 2023). Over 50% of the world’s population relies on staple commodities such as wheat, rice, maize, vegetables, legumes, and fish to ensure their food security (Tripathi et al., 2016). However, these essential dietary sources are under considerable pressure as a result of climate change. In India, significant techno-scientific endeavors spanning more than a decade have given rise to the establishment of sea cage culture enterprises (Vijayakumaran et al., 2009; Mohamed et al., 2010; Rao et al., 2010, 2013; Mojjada et al., 2012a,b; Philipose, 2013). The stakeholders optimize the available marine resources because of the exceptional durability and resilience of sea cages, and the technology has been adopted with relative ease because of the higher economic returns (Swathilekshmi et al., 2018; Vipinkumar et al., 2021; Divu et al., 2023b; Divu et al., 2023a). Significant technological advancements in breeding, seed production, and grow-out of marine finfish and shellfish species in artificial enclosures have facilitated profitable farming in open sea, coastal, and estuarine waters (Parappurathu et al., 2023). Grow-out technologies for several commercially important marine species have also been demonstrated in sea cages especially Asian Seabass (Shingare et al., 2020; Daet, 2019).

Feed and seed are the key components in influencing overall farming system profitability (Neori et al., 2004; Bakİ and Yücel, 2017). The economic and environmental sustainability of aquaculture is considerably impacted by the nature and quality of the fish feed, which contributes to a majority share (40–60%) in the operational cost (Suloma and Ogata, 2006). However, marine resources used for fish feed cannot sustain the rising global aquaculture demand indefinitely. While fish meal demand is projected to grow, global fishmeal output has recently declined (Fish Meal Market: Global Industry Trends, Share, Size, Growth, Opportunity and Forecast 2022-2027, 2024). This decline is partly due to climate change affecting ocean circulation and reducing the productivity of key fish stocks such as Peruvian anchovy and sardines (Pike and Barlow, 2003). The average use of pelagic fishmeal in aquaculture feed has significantly decreased over the past decade (Olsen and Hasan, 2012), increasing feed vulnerability and impacting farming profitability (Rana et al., 2009; Maulu et al., 2021). Additionally, the lack of improved seabass strains and high-quality seeds remains a major barrier to sustainable aquaculture development (Pham, 2019). Due to the intricacies of these diverse ecological and socioeconomic factors, stakeholders encounter challenges in understanding the growing cost structure of feed and seed for commercially significant finfish. Therefore, we carried out a comprehensive economic analysis to optimize investment decisions and foresee the interplay of economic factors, such as feed and seed costs of Asian seabass farming. This analysis will assist stakeholders in addressing crucial aspects of sea cage farming ventures, such as increased climate vulnerability of feed and seed and their cost structure, and ultimately improving the return on revenue by assessing the risk appetite of the uptaken components (Bakİ and Yücel, 2017).

Various studies have examined the economic aspects of several aquaculture species in different countries, including Egypt, Nigeria, Korea, and the Philippines (Soliman and Gaber, 1988; Olagunju et al., 2007; Lipton and Kim, 2007; Hurtado et al., 2001). The crucial deliverable of this study is to understand how the major influential factors in operational cost impacted over a period of 10-year horizon. Furthermore, the study examines future vulnerabilities associated with using low-value fish as feed during the grow-out cycle. By consolidating data and examining the correlation between feed and seed costs, the study enables aquaculture industries to understand the economic implications impacting production cost and viability (Adwan, 2017). We have revisited the existing techno-scientific and economic information and subsequently spatio-temporally reassessed the economic performance of the seabass cage operation and feasibility over the course of a decade, comparing our results with legitimately published data from the Indian subcontinent (Vijayakumaran et al., 2009; Mohamed et al., 2010; Rao et al., 2010, 2013; Mojjada et al., 2012a,b; Philipose et al., 2013). The insights derived from our study are transferrable and applicable to regions where seabass culture has been implemented. The adaptability of our findings extends beyond the specific context of the Indian subcontinent, providing valuable implications for areas globally engaged in seabass aquaculture. We stress the essential alignment of economic sustainability with environmental considerations, a prerequisite for Goal 14 of the Sustainable Development Goals (SDGs) for 2030 (Arru et al., 2019). Furthermore, this is the first empirical research in this sector to assess the economic implications of fish feed and seed into the input production cost, thereby facilitating the development of climate-resilient and sustainable Asian seabass cage farming in the Indian subcontinent.

Both the demand for fish feed and seed, along with their prices, are expected to escalate. This escalation will make it more challenging, particularly for smaller-scale producers, to continue their mariculture enterprises. Without anticipating the input cost escalations and the intricacies of Capex, stakeholders may find themselves facing money-losing ventures. Furthermore, the operational cost structure changes compel the Indian aquaculture sector to raise the cost of raw materials used for fish feed. Hence, the immediate need of the hour is to explore scenarios that could help reduce the feed and seed costs in cage farming systems. Several researchers have looked at alternative raw materials, such as insect-based or plant-based sources for fish feed to counter the problem of growing feed costs and to enhance the long-term viability of mariculture systems in a sustainable way (Van Huis, 2013; Arru et al., 2019; Jannathulla et al., 2019). Skretting, being one of the international aquafeed companies, has also recently revealed an R&D breakthrough with their micro-balanced feed formulation, producing a fishmeal-free feed (Fishmeal-Free Breakthrough for Skretting, 2023). However, despite these technological advancements, there is still a pressing need for an economic analysis of seabass cage aquaculture. We require a thorough and diligent examination to obtain the necessary social or entrepreneurial approval.

Numerous countries, such as Singapore (Liu et al., 2024; Yue et al., 2017), Vietnam (Khang et al., 2018), Thailand (Joerakate, et al., 2018; Senanan et al., 2015), and Malaysia (Idris et al., 2022) have initiated breeding programs for the Asian seabass to improve its growth. The Asian seabass culture in open sea cages proved to be a successful and futuristic mariculture business due to its exceptional market demand across the globe. In our study, the evaluation indicated that the venture’s cumulative average return on revenue (RoR) was 52% at 67.8% capacity utilization and could reach 63% at 100% capacity utilization. Therefore, sea cage cultivation is a significantly profitable venture under the present circumstances, and input costs can be recovered speedily. The scheme provisions of the Government of India would further boost these technology ventures. Moreover, data show that the average production from the farmer-scale model was 3.45 tons, yielding a net profit of US $2,024.64, based on a total input cost of US $4,789.91 (with an annual fixed cost of US $1,713.65 and total operational costs of US $3,076.27). The NPV of the investment was US $23,564.71, with the BCR of the investment of 0.5 for the first year and 1.5 for 10 cumulative years. The IRR or RoR was 29.7% for 1 year and 34.3% for 10 cumulative years.

The present study indicated that the fish cost was US $1.45 per kg, but their selling price was US $2.28 per kg. Aswathy et al. (2020) recorded that the cost/kg of the fish was US $2.13, while the selling price was US $4.83 per kg. This difference may be attributed to the regional and seasonal demand of the species as the average selling price per kg of seabass in India was US $1.81 in 2010 (Ravisankar and Thirunavukkarasu, 2010), representing a 2.67-fold increase in cost over 10 years. The cage-reared seabass in the brackish waters of Vennangapattu and Mammalapuram, Tamil Nadu (East coast), was priced at US $4.83 in 2017 (Kumaran et al., 2021), which is approximately 2.6 times the selling price in 2010. Therefore, the variances clearly indicate the geographical (Eastern and Western coastal states of India) demand for the species, demonstrating that seabass has achieved remarkable incremental price realization in nearly all situations. In addition, this suggests that the net profit from seabass aquaculture has the potential to increase.

The contribution of low-value fish to the total price of production was recorded to be 34% when the seabass market price was US $1.81 per kg. In contrast, if the computed production cost uses current market prices with the expected feed conversion ratio (FCR) (1:1.5), the feed cost amounts to US $12,203.23, which is expensive and may lead to a loss-making enterprise. However, a subsequent increase in the market price of the seabass has also been documented, and at present, it ranges from US $6.95 to 9.15 per kg (Sea Bass Wholesalers and Wholesale Dealers in India, 2024; Connect2india, 2024). This has helped to maintain the breakeven threshold and equalize the input costs. This demonstrated the association between the cost of feed and the cost of production, as well as how seabass farming may still prove to be a lucrative endeavor despite all these factors. In addition, one might argue that it will continue to generate a profit up to the point when the ratio of the cost of feed to the price of seabass on the market is maintained at a linear level, which is very well depicted in Figure 3. Considering these intricacies and after recognizing that seabass farming has a significant potential for growth, several international companies have only recently entered the Indian market for seabass cultivation.

Over the past decade, feed costs have risen, leading farmers to adopt formulated feed to combat this trend. The FCR significantly impacts total feed costs (Bai et al., 2022). Initially, FCRs were high with fish meal feed, escalating production costs, as shown in Figure 1. This elevated FCR had a direct impact on production costs, causing a noticeable escalation in profits. It is important to note that these findings are based on data derived from institutional demonstration experiences. However, by the end of the decade, the switch to formulated feed led to reduced FCR and overall production costs. Formulated feed has proven to be superior to fish meal, with an increased focus on alternative protein sources (Arru et al., 2019; Jannathulla et al., 2019; Hodar et al., 2020). The lower FCRs with formulated feeds are due to species-specific diet formulations with the required protein content. In light of climate change, replacing fishmeal protein is crucial for cost-effective feeds. Skretting, a multinational company, has been working on the formulation and manufacturing of a feed that does not include fishmeal (Fishmeal-Free Breakthrough for Skretting, 2023). Growel Feeds Ltd., Apex Frozen Foods Ltd., Avanti Feeds Ltd., Coastal Corporation Limited, and Adinath Bio Labs are some of the leading Indian aquafeed companies with environmental agenda and innovative approaches to develop cost-effective species-specific fish feeds (INDmoney, 2024).

Another significant factor that contributes an average of 17% to the overall production cost of seabass farming in cages is the cost of the seeds. Seed quality and quantity are regularly central concerns in the growth of the marine aquaculture enterprise. Ravisankar and Thirunavukkarasu (2010) recorded the seabass seed price to be US $0.12 for each piece for the year 2010, contributing 10.67% to the total production cost. However, at present, the market prices are US $0.37–0.49 (Vimala et al., 2021). Concerning this, there has not been a lot of research conducted on the economic viability of hatcheries and seed rearing in order to determine whether it would be possible for the activity to be expanded in terms of economics and business. According to Kumaran et al. (2021), the BCR was 2.76 and 1.9, respectively, while the IRR was 300 and 130%, suggesting the economic feasibility of nursery rearing under differing salinity regimes. In the present study, when the seed price increased by 30%, the project’s BCR decreased by 18%, and the break-even point increased to 9.2%. More dependency on natural seeds would be a risk in terms of input cost structure flux and sustainability. The results of these studies explicitly indicated that nursery rearing serves solely as a livelihood development activity for coastal fisher families, involving active engagement from coastal communities. Thus, mass-scale seed production is an imminent need for sector expansion. The establishment of finfish hatcheries to ensure a steady supply of seabass seeds is a critical aspect in supporting the widespread acceptance of nursery rearing as a sustainable sea cage farming activity.

The free cash flow demonstrated an increase from year one, eventually reaching a peak during year eight, and is expected to follow a similiar trend throughout years 9 and 10 of the farming activity, according to the cash flow study. By analyzing offshore rock bream culture in Korea, Lipton and Kim (2007) proposed a remunerative production method with a positive NPV of US $3,151,402 for a 10-year cash flow and an 8% discount rate. The IRR was calculated to be 29.7% for a single year and 34.3% for a cumulative 10 years. Here, we take into consideration the projected value of cash flows along with the time value of money. The results of sensitivity analysis showed that net profits are sensitive to increases in feed and seed prices. Therefore, if seed costs rise by 30%, the project net profits fall by 13.1%, whereas if feed prices rise by 30%, the project net profits rise by 17.8%. It showed that a lowered selling price with an FCR of 1.5 would make both production processes commercially feasible (de Bezerra et al., 2016). The results of sensitivity analysis in two types of aquaculture systems (offshore and inshore) in Italy divulged that offshore farming practices fetched greater commercial feasibility than coastal farming practices by varying input and production costs in combination with optimized FCR and stocking density. Inshore aquaculture systems were found to have lower economic viability than offshore aquaculture systems. This showed that prudent market selection decisions and effective farm business strategies would aid in enhancing the venture’s lucrative valuation and cashflow.

India is currently adopting a planned approach to mariculture development. Divu et al. (2021), Divu et al. (2023b), and Divu et al. (2023a) have developed a mapping model that assesses various factors including environmental, socio-economic, infrastructural, and regulatory aspects to determine the suitability of sites for mariculture. This approach ensures logical and practical developmental activities, promoting sustainable and efficient mariculture practices. Due to the increasing demand for seabass in the global marketplace, cage farming of this species is a confirmed lucrative enterprise, and this trend may continue, as predicted by several reports with a rising CAGR at above 5%. Furthermore, the market value of sole seabass was projected to reach US $960 million in 2023 and is expected to reach US $1,492 million by 2033 (Future Market Insights, 2021). This substantial demand opens the opportunities to tap the forex earnings and also catalyzes the expansion of seabass farming, and the most deserved farming system would be in sea cages due to its high production possibilities. However, there is an impending threat to the availability of feed and seeds as a result of climate change-induced reductions in raw material availability and rising prices (Jannathulla et al., 2019; Maulu et al., 2021), which is the greatest obstacle to mariculture enterprises and other stakeholders. Climate change can create rapid alterations in marine environments and the dynamics of marine organisms. It can elevate seawater temperatures, alter hydrological patterns, cause rare and extreme oceanic events, and reduce marine fish populations (Yatsu et al., 2005; Lloret et al., 2008; Knutson et al., 2010). Additionally, variations in ocean conditions such as ocean currents and reduction in coastal upwelling also adversely affect marine productivity (IPCC, 2007). The global sea surface temperature (SST) has risen by 0.7°C over recent decades but in the tropical Indian Ocean, this increase is more pronounced at 1.0°C. The northern Arabian Sea has shown the most accelerated warming, with a rate of 0.18°C per decade from 1976 to 2005 (Roxy et al., 2020; Krishnan et al., 2020). Climate change has also affected species richness within marine assemblages by altering their habitat quality (Wilson et al., 2008). In Asian seabass aquaculture, climate change poses a significant challenge by impacting both productivity and economic sustainability. For example, most fishmeal plants are located on the Southern coast of India where a traditionally high abundance of low-cost fishmeal species is available. Indian oil sardine is extensively utilized in the preparation of fish meal for aquaculture feed (Alder et al., 2008; Barange et al., 2014) in the southern regions of India (Ponnusamy et al., 2012). Investigations into the climatic impacts on the Indian Ocean fishery have indicated a latitudinal extension of Indian oil sardine populations toward the Northern Arabian Sea habitats. This shift is attributed to the increase in SST in the southern region and the resulting changes in oceanic circulation patterns (Vivekanandan et al., 2009; BoBP, Chennai, 2008; Bharti et al., 2019). Consequently, the availability of species for fishmeal production in the southern region of India has been diminishing, leading to an increase in costs.

Therefore, there is a need to build resilience and sustain the production system in a changing climate, and the aquaculture producers must adapt to the available options in the short term while mitigating the effects by making necessary adjustments in their production practices in the long term, which is being recommended as climate change mitigation strategy by the FAO (Barange et al., 2018). Considering the significance of feed and seed variables to the aquaculture enterprise and the fact that it is highly vulnerable to the effects of climate change, the operational production costs are likely to rise. Therefore, the performed economic analysis assists the entrepreneur/stakeholder’s investment in addressing the key attributes where the farmer is expected to optimize the input cost, investigate the risk profile of uptaken components, and develop mitigation measures while venturing into seabass cage farming in open seas. Suitable species for cage farming can be selected based on market demand, location suitability, rapid growth, and availability of specialized feed, seed, and nutritional requirements (Rao et al., 2013). Moreover, India is emphasizing the expansion of mariculture, the promotion of sea cage farming, and the doubling of fish production (Pradhan Mantri Matsya Sampada Yojana, 2020). Therefore, in the context of doubling seabass production, feed and seed are the primary market segments where this technological disparity exists. Hence, we recommend cost-effective species-specific fish feed formulations and climate-resilient hatcheries development with the help of the present investigation of the vast market potential of Asian seabass. Moreover, it is proposed that policymakers and entrepreneurs undertake bigger dimension production models at industrial scales in the Indian context with seasonal resource assimilation in order to tap into the full extent of the seabass market. This is crucial for the mariculture sector’s long-term viability, given the expected challenges such as increased feed and seed costs, heightened climate vulnerability, and economic implications.



5 Conclusion

This research has shed light on the challenges posed by the vulnerability of feed and seed, the escalation in the market cost, and the factors that impact the economics of farming ventures in the mariculture sector. It is anticipated that the impact of climate change is directly or indirectly affecting the profitability of the aquaculture ventures discussed in this article, most importantly in terms of the feed cost. Therefore, there is an urgent need for an economic analysis of sea cage farming for economically important finfish species. A comprehensive fiscal evaluation that is capable of investigating the productivity of farming Asian Seabass (L. calcarifer) in cage farming systems over the course of 10 years has been carried out. This research in an Indian context culminated in the development of a baseline economic study that offers critical output insights into making efficient use of significant resources such as feed and seed, along with other input expenses. Farmers and stakeholders will be able to make better input cost decisions as a result of this, which will allow them to circumvent the challenges of an increased input cost structure stemming from the feed and seed aspect of the marine cage operation. With the enormous flow of funds from various Government schemes such as “Pradhan Mantri Matsya Sampada Yojana” as well as the recommendations for geospatial planning for earmarking critical mariculture zones along the Indian coastline (Divu et al., 2021), the wagers for the expansion of offshore cage farming of Asian seabass in Indian waters is imminent. We emphasize that the economic aspect of sustainability must go hand in hand with the environmental one, which is a necessary prerequisite in compliance with Goal 14 of the Sustainable Development Goals for 2030. Therefore, additional research in this field is required to improve knowledge on this topic in order to better respond to future challenges, support the aquaculture sector, and assist policymakers in making wise and prudent decisions. With the newfound knowledge, we will be able to assist stakeholders in making more informed decisions, and the government will be in a better position to subsidize aquafeed enterprises in the development of cost-effective species-specific fish food formulations.

We propose several recommendations for addressing climate change impacts on feed and seed vulnerability, along with risk mitigation strategies for seabass mariculture:

	1. To bolster the resilience of the aquafeed sector, climate economics and technological innovations should be integrated to formulate cost-effective feeds that substitute for fishmeal. This approach, coupled with technological development, will enable stakeholders to better prepare for and adapt to future climate change.
	2. In light of the declining supply of fishmeal and the growing demand for it, the use of alternate protein sources should be explored for the use of cost-effective feed formulation, indicating the sector’s resilience for fishmeal replacement to a certain level. Future research should evaluate the economic effects more robustly on the aquaculture cost structure of using other eco-friendly fish feed (e.g., insect species and poultry meal) for seabass production and other fishes, evaluating the impacts of accounting for different FCRs.
	3. The economic feasibility of farming seabass may easily be equivalent to that of farming shrimp provided new technological interventions can minimize the cost of feed and seed as well as the duration needed for pond rearing. The problem of an inadequate supply of seeds for stocking may be circumvented by the expansion of existing hatcheries and nurseries into more sophisticated facilities. In addition, filleting, convenience processing, and live fish marketing have the potential to provide Asian seabass farming in India the boast needed for rapid expansion.
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Purpose: Iran is the world’s leading producer of saffron. This study aimed to investigate the challenges and provide some approaches to developing the supply chain of saffron, especially saffron exports during the coronavirus disease 2019 (COVID-19) pandemic.
Design/methodology/approach: In this study, the strengths, weaknesses, opportunities, and threats (SWOT) of saffron exports were identified during the COVID-19 pandemic. Subsequently, the weights of the criteria, sub-criteria, and priorities of the presented strategies are computed using the AHP-SWOT and ANP-SWOT methods. Finally, data were acquired through the systematic collection of expert opinions using the Delphi method.
Findings: According to the prioritization of saffron export development strategies during the COVID-19 pandemic based on the AHP-SWOT method, “Performing marketing research in universities” and “Creating international associations and using anti-COVID-19 tools” were identified as the most important strategies. Moreover, in the prioritization of saffron export development strategies during the COVID-19 pandemic based on the ANP-SWOT method, “Encouraging investors to attract investments and develop infrastructures” and “Performing marketing research in universities” are determined to be the most significant strategies.
Originality/value: Because of the COVID-19 pandemic, many economic problems have arisen for saffron-producing companies, highlighting the importance of implementing the best strategies to deal with these conditions. However, given the importance of saffron exports in Iran due to their high price and the occurrence of the COVID-19 pandemic crisis, it is imperative to conduct this research.
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1 Introduction

Due to Iran’s dependence on oil, the development of non-oil exports is considered one of the most important issues in the country’s economy. In this case, the share of the agricultural sector in Iran, with 10.82% of non-oil exports in 2021, is of great importance (Ministry of Agriculture-Jihad, 2022). Saffron export is one of the most important parts of the saffron supply chain, and its analysis can help better manage the saffron supply chain. Moreover, saffron, which is the most valuable medicinal food product, is of special importance for countries that export industrial products (Noorulhaq and Maulavizada, 2018). Currently, Iran is the world’s leading producer of saffron (Food and Agriculture Organization of the United Nations [FAO], 2023). The many and extensive uses of saffron and the special properties of this valuable medicine, as well as its high value-added, on the one hand, and the government’s emphasis on the development of non-oil exports, on the other hand, clarify the need for special attention to the saffron supply chain. Iran exported 151.6 million dollars of saffron in 2021, accounting for roughly 2.92% of whole exports compared with the agriculture sector exports (5201.29 million dollars) (Central Bank of the Islamic Republic of Iran, 2022). Given Iran’s unique capacity for saffron production and exports, this product has emerged as an axis for the development of non-oil exports.

Although Iran produces a large amount of the world’s saffron, some countries, such as Spain, receive value added resulting from its re-exports. In addition, this product faces problems, including packing, lack of a valid brand, marketing, and lack of access to markets. Therefore, it is essential to promote Iranian saffron in global markets (Golmohammadi, 2014). It is necessary to investigate the factors affecting the exports of Iranian saffron. Therefore, it is very important to identify the factors that affect selection strategies for entering the international saffron market. During the past years, despite the special position of its production in Iran and its many strengths, due to infrastructural, marketing, and distribution problems, saffron products have not been able to gain a high position among the exports of agricultural products. Therefore, the purpose of our study was to identify and prioritize factors affecting saffron supply and selection strategies.

The world has been affected by COVID-19 since 2019, and during this period, different mutations of this virus have spread worldwide. The last mutation of COVID-19 (the Omicron variant) led to shutdowns and quarantines in many countries of the world despite vaccination (World Health Organization, 2022). Companies are forced to develop and prepare the best strategies to address this situation as effectively as possible. Agricultural production companies suffered significantly during this period. In particular, companies with a special focus on exports suffered irreparable losses in this era because of the quarantine of countries and ban on importing products from other countries. However, in addition to many threats, the pandemic can create opportunities for companies to utilize it as a lever for their progress (Riahi Dorcheh et al., 2021). Consequently, in the present research, the COVID-19 pandemic was considered the main subject, and the best strategies were presented and prioritized accordingly for the company under study. This crisis is not the first in history and will certainly not be the last. Therefore, it is essential for companies engaged in agriculture to apply the best strategies to cope with these conditions. The main novelties of this study are as follows:

	• Analysis of saffron exports during the COVID-19 pandemic, which is one of the most important components of the saffron supply chain, and development of the best strategy for it.
	• Using the Analytic Network Process (ANP)—Strengths, Weaknesses, Opportunities, and Threats (SWOT) analysis to identify and prioritize saffron export strategies during the COVID-19 pandemic to enter the international saffron market.
	• Comparing the performance of ANP-SWOT and Analytic Hierarchy Process (AHP)-SWOT methods and presenting the related results.

The rest of this study is structured as follows. Section 2 presents a literature review. Section 3 introduces the SWOT, AHP, and ANP methods. In Section 4, analyses are performed on saffron exports during the COVID-19 pandemic, and strategies are prioritized using the developed methods. Finally, in Section 5, conclusions are presented. Figure 1 schematically shows the stages of this study.
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FIGURE 1
 Stages of this research.




2 Literature review

Without appropriate programming, non-oil exports cannot have a higher position (Hitt et al., 2012; Onoh et al., 2018). The process of strategic programming in supply chain management is a managerial process involving coordination of the organization’s capabilities with available opportunities determined during the time and investigated for investment or lack of investment in the organization’s resources (Rahbari et al., 2023a; Rigby and Bilodeau, 2007; Rahbari et al., 2023b).

Several studies have investigated the environmental impacts and economic aspects of saffron production as well as the challenges and opportunities for promoting saffron marketing (Abolhassani et al., 2020; Shahnoushi et al., 2020; Mohammadi and Reed, 2020). Similar to our study, Noorulhaq and Maulavizada (2018) investigated production performance and saffron exports in Afghanistan and found that saffron production increased from 3390.3 kg during 2014–2015 to 6081.2 kg during 2016–2017 in Afghanistan. In 2014, Afghanistan accounted for 1.36% of the global saffron production. Tantry and Dar (2017), using an economic analysis of saffron production and marketing in Kashmir and Jammu, found that this product was exposed to extinction, and it was necessary for researchers, farmers, and policymakers to pay attention to creating a high demand in international markets and developing a scientific approach to expand genetic technology after harvesting. Karbasi and Rastegaripour (2016) evaluated the advantages of saffron production and exports and showed that saffron production had relative advantages in Torbat Heydarieh. In addition, government interventions had positive effects on the production of this product. They also found that Iran, Spain, and Greece had relative global export advantages during 2004–2012, while the value-added of Iran’s saffron exports was not considerable. Golmohammadi (2014) investigated the economic importance, exports, pharmaceutical features, and different applications of saffron production in South Khorasan Province, demonstrating that paying attention to this product could result in improving the position of this product in global markets, and the economic value of its exports was directly achieved by Iran (but not other countries). Aghdaie et al. (2012) identified barriers to Iran’s exports using Porter’s diamond and showed that the most important barriers to Iran’s saffron export included demand conditions, related industries and supporters, the firm’s strategy, the structure, competition, and the role of government.

The SWOT method has several limitations, such as the impossibility of strategies and evaluation criteria (Pahl and Richter, 2009). Hence, in terms of searching for SWOT improvement, the best techniques that can be used are multi-criteria decision-making (MCDM) methods. Kurttila et al. (2000) developed a combined method of analysis and MCDM method to solve the weaknesses in terms of the measurement and the evaluation of SWOT analysis. They used this method based on AHP in SWOT analysis, known as AHP, in their subsequent studies. Moreover, many researchers, including Stewart et al. (2002), Shrestha et al. (2004), Vidal et al. (2011), Kajanus et al. (2012), and Kalatpour (2017), utilized this approach. It should be mentioned that this approach was solely used to prioritize SWOT factors in all above-mentioned studies, and this technique was not expanded to the strategy selection step. The fuzzy ANP method and SWOT analysis were used to identify the best strategies for tile manufacturing companies (Babaesmailli et al., 2012). Shahabi et al. (2014) proposed an ANP–SWOT analysis to prioritize Iran’s steel scrap industry strategies. Zhao et al. (2016) used the ANP-SWOT analysis in terms of the rare earth industry of China, and they also developed the five short-term strategies and four long-term strategies to determine the optimal strategy of the rare earth industry. Starr et al. (2019) used an ANP-SWOT approach for analysis of the cross timbers forest resources of Texas, Oklahoma, and Kansas. Shahanipour et al. (2020) investigated human resources management using the ANP-SWOT analysis. In their studies, they identified and prioritized strategies using an approach based on creativity among employees in administrative organizations.

In recent years, considerable research has been conducted on the effects of the COVID-19 pandemic. Nayak et al. (2022) investigated the effects of the COVID-19 pandemic on different industries, including the agricultural industry in India. In this study, the energy and power industries, transportation and tourism, automotive, education, publications, and electricity were analyzed in addition to the agricultural industry. The authors first investigated the parts of the agricultural industry affected by the pandemic and then analyzed the demand, supply, and security of food products. In the following, the pandemic’s impact on the health of farmers and the price of agricultural products was discussed, and finally, some preventive measures were presented in order to deal with the pandemic. Ben Hassen et al. (2020) studied the effects of the COVID-19 pandemic on the behavior and consumption of food products in Qatar. In this study, using statistical analysis, food characteristics and habits during the pandemic and their changes were analyzed. According to the research findings, the method of consumption and preparation of food products, and, in general, the relationship between consumers and food products has changed. Aday and Aday (2020) evaluated the effects of the COVID-19 pandemic on the supply chain of food products and the agricultural sector. In addition to investigating the supply chain of food products, they analyzed the behavior of consumers and the global trade of food products during the pandemic. Finally, they made recommendations for controlling and minimizing the effect of the pandemic on the supply chain of food products, small farms, global trade, businesses, and governments. Poudel et al. (2020) studied the impacts of the COVID-19 pandemic on food products and the agricultural sector. In this study, the impact of the pandemic on the production, distribution, and safety of food products, as well as the demand for food products, was analyzed. They found that the pandemic affected all activities in the supply chain of food products. The most important activity is the transportation and distribution of food products. Purkait et al. (2020) investigated the impacts of the COVID-19 pandemic on the fisheries sector and economic shocks to it in India. In this study, the situation of the fisheries sector before the pandemic in India was analyzed, the pandemic effects on the different components of this sector were evaluated, and some policies were presented to improve the shocks resulting from the pandemic.

Despite the significance of saffron in the studies conducted, especially in Iran, the supply chain of this product in Iranian companies has not yet been analyzed. On the other hand, considering the importance of saffron exports in Iran because of its high price and the occurrence of the COVID-19 pandemic crisis, this study can be considered innovative. According to the Iran Customs Administration, saffron exports in the first 3 months of 2022 faced a 63% reduction compared to the first 3 months of 2021, mainly because of the lack of proper strategic planning during the COVID-19 crisis (The Islamic Republic of Iran Customs Administration, 2022). Consequently, because of the COVID-19 pandemic, many economic problems have arisen for saffron-producing companies, which shows the need to implement the best strategies to address these conditions.



3 Methodology

The SWOT analysis is a powerful strategic tool for analyzing environmental conditions and can be effective in detecting external and internal strategic factors (Rahbari et al., 2024a; Babaesmailli et al., 2012). It identifies the best combination of strategies that are important for maximizing strengths and opportunities and minimizing the effects of weaknesses and threats. After developing a SWOT matrix based on the identified factors, four groups of WT, WO, ST, and SO approaches are identified based on their combination (Hill and Westbrook, 1997). The following steps were defined in the process of using the AHP method in SWOT:


Step 1: A SWOT matrix was created; that is, the factors in each SWOT group are identified.
Step 2: Pairwise comparisons were performed between the identified SWOT factors.
Step 3: Pairwise comparisons were performed between the four groups of SWOT analysis, including strengths, weaknesses, opportunities, and threats. After performing pairwise comparisons and determining the relative weight of each group, the final weights were determined by multiplying the relative weights of the factors by the relative weight of the groups using the eigenvalue. In addition, the sum of the final weights must be equal to 1.
Step 4: The results were used to evaluate the strategy. In the process of strategic programming using numerical values, the importance of each factor was determined.



Because the weights assigned by the AHP method to the factors are based on the assumption of non-dependence, they may be different from the weights calculated by accepting the assumption of dependence (Shrestha et al., 2004). Therefore, it is essential to consider the dependency among the factors and their intervention in the measurement (Yüksel and Dagdeviren, 2007). By considering the limitations mentioned for the AHP method and the inability of this approach to apply dependency between criteria and factors, Saaty (1996) developed another approach known as ANP. In contrast to the AHP method, the ANP method has a network structure. The hierarchical formation of AHP is a top-down linear structure, while the network structure of ANP is a non-linear structure developed in all orientations (Sevkli et al., 2012). Because there is a mutual dependency between the available components, it can be concluded that SWOT analysis using ANP is essential for ranking the strategies, criteria, and sub-criteria.

In general, the ANP and AHP methods proposed for SWOT analysis involve four levels. The purpose (best strategy) is at the first level. The second level is SWOT. The third level is the factors of each SWOT group, and the fourth level is the substituted strategy (Yüksel and Dagdeviren, 2007). The ANP method often involves two ranking strategies. The first method is to create a supermatrix. The second method is based on matrix operations and performs a pairwise comparison of the criteria for each criterion (Tzeng and Huang, 2011). In this study, the second method was used for ranking. The following steps are defined in the process of using the ANP method in SWOT:


Step 1: Identifying the SWOT factors of and substituted strategies.

Step 2: Determining the importance degree of the SWOT group by performing pairwise comparisons and the scale of 1–6 (W1 computation).

Step 3: Computing the internal dependency matrix of groups (the level of the two models) by performing pairwise comparisons (W2 computation).

Step 4: Determining the priority importance of each SWOT group by multiplying W2 with W1 (Wf computation).

Step 5: Determining the relative importance of each SWOT factor by performing pairwise comparisons (Wsub-f [local]).

Step 6: Determining the final importance of each SWOT factor by multiplying the fourth step with the fifth step (Wsub-f [global]).

Step 7: Determining the importance of substitution strategies in comparison to each SWOT factor with a scale of 1–9 by pairwise comparisons.

Step 8: Determining the final priorities of each strategic alternative (by multiplying the sixth step with the seventh step).
 

The SWOT-ANP method is a combination of SWOT analysis and the network analysis process (ANP), which helps identify and prioritize internal and external factors in an organization. One of the advantages of this method is its ability to analyze the complexities and dependencies between different factors, which makes decisions more accurate and effective. In addition, this method allows managers to simultaneously examine strengths, weaknesses, opportunities, and threats at the same time. However, its limitations include the complexity of implementation and the need for accurate and valid data for evaluation. In addition, the results may be affected by the subjective biases of the decision-makers, which may reduce the accuracy of the analysis.

In order to collect data through the field method, various questionnaires were used at different stages of the research method. The Delphi technique has been used to identify strengths, weaknesses, opportunities, and threats (Joshi et al., 2011; Spina et al., 2023; Fathi et al., 2024). The questions in the questionnaire were first prepared, and then a pre-test was performed in terms of the appropriateness of the words and questions to determine the questions without ambiguous questions. Subsequently, the questionnaire was given to experts from the Agricultural Jihad Organization in Khorasan province, saffron farmers, and research centers in Khorasan. The participants were asked to answer four questions:

	1. What are the strengths of saffron exports during the COVID-19 pandemic?
	2. What are the internal weaknesses of saffron exports during the COVID-19 pandemic?
	3. What are the external threats to saffron exports during the COVID-19 pandemic?
	4. What are the opportunities for saffron exports during the COVID-19 pandemic?

First, experts from the Agricultural Jihad Organization in Khorasan province were selected to fill out the questionnaire due to the high production of saffron in this province. The answers received by the experts were then summarized, and similar items were deleted. At this stage, answers were received through semi-structured interviews with 18 experts. To determine sample size, a targeted sampling method was used for all eligible individuals.

Subsequently, the second questionnaire was given to the experts, who were asked to identify the importance of the comments with respect to the Likert scale. Here, agreement and disagreement items were identified, and the study population was questioned whether they agreed with the comments’ priority in the second questionnaire, and opponents were asked to state the reason for their disagreement. Finally, comments were considered to determine the agreement. In this step, the participants were asked to review the answers and read their own comments and judgments so that they could reach a common agreement and the final result with regard to the above-mentioned steps.

The first questionnaire was prepared to gather the strengths, weaknesses, opportunities, and threats using the Delphi technique and experts’ comments from the Agricultural Jihad Organization in Khorasan province (n = 5), experts from research centers (n = 5), and saffron farmers (n = 8). Another questionnaire was completed to perform pairwise comparisons to determine the weight of the criteria and sub-criteria by experts of the Agricultural Jihad Organization and saffron farmers owing to their familiarity with this product. In this stage, face-to-face interviews and structured questionnaires were used to perform pairwise comparisons, and the target sample was the same group of experts as in the first stage (in this stage, four farmers participated). It should be mentioned that another questionnaire was used to perform each step of the research, such as creating the matrix of W1, W2, and Wf and strategy scoring with regard to the sub-criteria. The weighted mean, Likert scale, and geometric mean were used to collect the comments.



4 Results and discussion

The SWOT sub-factors are shown in Table 1. Then, by creating the SWOT matrix, combination strategies for WO, ST, SO, and WO were configured based on the experts’ comments. In this model, five strategic factors are considered for each factor: strengths, weaknesses, opportunities, and threats.



TABLE 1 Description of SWOT sub-factors.
[image: Table displaying a SWOT analysis for Iran’s saffron industry. Strengths include university facilities and high saffron quality. Weaknesses involve lack of infrastructure and strategic management. Opportunities focus on packing technology and marketing research. Threats address COVID-19 limitations and economic instability.]

Based on the experts’ comments, combination strategies were determined according to sub-criteria priorities. The main combination strategies for saffron export development are shown in Figure 2. Therefore, all the extracted strategies can be observed in the SWOT matrix.

	
SO1: performing marketing research in universities


[image: SWOT analysis diagram for Iran's saffron industry. Strengths include university support, global saffron production leadership, and high-quality saffron. Opportunities involve advanced packing technology, marketing research, and specialized fairs. Threats comprise COVID-19 limitations, economic instability, and lack of global brand recognition. Weaknesses include insufficient transportation infrastructure, strategic perspective gaps, and reliance on bulk exports.]

FIGURE 2
 Strengths, weaknesses, opportunities, and threats (SWOT) model of Iran’s saffron.


One of the strengths of Iran’s saffron exports and production is the presence of universities and research facilities in the country that improve saffron production, processing, and marketing. In addition, protecting knowledge enterprises from establishing R&D units for processing and extracting effective saffron materials, preventing crude sales, creating higher value-added, and using marketing research to know customers and external competitors based on the destination country provides the field to conduct marketing research at universities because there are some facilities at universities, and the market is performed as well as possible. During the COVID-19 pandemic, because exports decreased at one point in time and transportation systems were also limited, opportunities for saffron processing with the support of knowledge enterprises to set up research and development units, extract effective saffron substances, prevent raw sales, and create higher added value.

	
SO2: introduction and supply by the fairs and sales offices


Introducing different products in Iran, such as saffron, is easily possible, especially after the COVID-19 pandemic, using various technologies in the country. In addition, saffron exports face opportunities, such as sales offices and different virtualized and specialized fairs in other countries. One way to improve and develop Iran’s saffron exports during the COVID-19 pandemic is to introduce and supply this product through fairs and sales offices.

	
WO1: encouraging investors to attract investments and develop infrastructures


One of the problems in the field of saffron export development during the COVID-19 pandemic is the lack of required infrastructure and its potential in terms of resources. One of the main reasons for this is financial and economic problems. In addition, one of the weaknesses of exporting this product is the lack of financial resources and economic problems during the COVID-19 pandemic. Therefore, by encouraging investors, necessary financial facilities must be provided to create the necessary infrastructure, especially the transportation infrastructure required for this product.

	
ST1: creating international associations and using anti-COVID-19 tools


Because of the high quality of Iran’s saffron in the world, producing 90% of saffron in Iran, the presence of research facilities, and easy introduction of products with the help of information technology and world networks, creating interactional associations and unions results in facilitating the introduction of brands to different countries. Moreover, it is necessary to execute this strategy because of the lack of a good brand in global markets and the lack of an electronic money transfer system because of economic and political problems. In addition, due to the COVID-19 restrictions imposed on saffron-producing companies, as well as global restrictions due to the pandemic, health protocols should be followed as much as possible using anti-COVID-19 tools. Therefore, the brands of companies in this field will be known more than before in global markets and will increase exports.

	
WT1: supporting the private sector in exports


The private sector of experts must be supported because of the bulk exports of Iran’s saffron, lack of familiarity with customers’ interest in various areas of the world, lack of necessary infrastructure during the COVID-19 pandemic for suitable transportation for product export, lack of strategic perspective and strategic management for the presence in global markets, lack of motivation for investors, and duplication of successful names, and lack of good brands in global markets. In fact, these supports result in decreasing internal weaknesses, and, finally, threats can be decreased.

	
WT2: guaranteed price and shopping


One of the problems proposed in the field of Iran’s saffron production is the instability of economic and non-economic parameters during the COVID-19 pandemic, and producers are highly concerned. Another problem with saffron export and production is the lack of financial resources and economic problems during the COVID-19 pandemic. Hence, in order to reduce concerns about the economic instability in Iran, this instability can be controlled by shopping and determining the guaranteed price.


4.1 AHP analysis

The SWOT factors, SWOT sub-factors, and strategies considered as criteria, sub-criteria, and alternatives, respectively, are placed in descending order of hierarchy structure. A pairwise comparison matrix is derived at each level between the criteria, sub-criteria, and alternatives. Participants could focus on each part of the problem using pairwise comparisons. Every time, the simplification of the two attributes or criteria should be considered. Criteria and alternatives were ranked using the AHP scale, with absolute values of 1–9. Geometric mean values were used to calculate pairwise comparison matrices of the forms filled by expert team members. Finally, AHP analysis was performed using Expert Choice software (Expert Choice LLC, FL, US) and the eigenvector technique. First, a pairwise comparison of the SWOT factors was applied with regard to the goal.

In the following, by considering different comments and views, the criteria and sub-criteria of the strategies used and saffron export development were presented. First, the method for obtaining each sub-criteria weight using the AHP method was explained. Pairwise comparison was performed for these criteria. The results of pairwise comparisons and their relative importance are presented in Table 2. The scores provided by all experts are shown in this table. The results showed that, according to the views of all experts, the importance of strengths is 1.5, 1.3, and 1.4 times more than that of weaknesses, opportunities, and threats. Therefore, based on the general results of pairwise comparisons and the relative importance of each factor, it should be mentioned that weaknesses had the highest importance and ranked first with a weight of 0.47. Also, it can be said that the selected experts assign 54% of the factors affecting saffron export development to internal factors, including strengths and weaknesses, and external factors that are out of their control constitute 46% of these factors. In this way, to develop saffron exports during the COVID-19 pandemic, weaknesses and threats should be considered by experts, and strategies based on weaknesses should be more effective. Therefore, it is desirable to develop defensive tactics directed at reducing weaknesses. The IR coefficient had an acceptable value for incompatibility.



TABLE 2 Relative importance of each SWOT factor.
[image: Matrix table showing interactions between opportunities, threats, strengths, and weaknesses with numeric values. Relative importance is listed: opportunities 0.284, threats 0.170, strengths 0.073, weaknesses 0.473. IR equals 0.07.]

In the next step, for each sub-criterion, a pairwise comparison was implemented separately for each expert and criterion. In addition, for each sub-criterion, the relative priority was determined. The results obtained from pairwise comparisons of sub-criteria for each factor of strengths, weaknesses, opportunities, and threats are presented in Table 3. For instance, we explained the pairwise comparison matrix of weakness (W3 and W5 in comparison to other weakness factors) as the most important factor in determining the strategies of saffron export development.



TABLE 3 Relative importance of SWOT subgroups.
[image: Four tables labeled Opportunities, Threats, Strengths, and Weaknesses, each with factors labeled O1-O5, T1-T5, S1-S5, and W1-W5. Each table lists pairwise comparison values and a calculated relative priority score. Inconsistency ratios (IR) are noted at the bottom: Opportunities IR=0.04, Threats IR=0.07, Strengths IR=0.05, and Weaknesses IR=0.08.]

According to the experts, the importance of W3 was 3, 4, 5, and 1.2 times more than that of W5, W1, W4, and W2, respectively. In addition, the importance of W5 was three times higher than that of W1, and it was five times more important than W4. In addition, it was 1.4 times more important than W2. In this regard, according to the results and the last column of the table showing the weight of the sub-criteria in the related criterion group, it can be stated that answering the criteria of strength, sub-criteria of S2 with a weight of 0.507, had priority over other sub-criteria. This means that among the sub-criteria of strength factors, the sub-criteria of S2 was the most important factor in terms of developing Iran’s saffron exports during the COVID-19 pandemic, and more than half of the importance of the mentioned sub-criteria belonged to this factor. S1 had a lower score or importance than the other factors. Factors S5, S3, and S4 with weights of 0.261, 0.111, and 0.084 ranked second, third, and fourth, respectively.

The results obtained from pairwise comparisons of sub-criteria, including weakness, showed that the highest importance was devoted to W2 sub-criteria, at over 40%. This factor is managerial, and according to experts’ views, it is expected to have higher importance. In other words, according to the ranking obtained from pairwise comparisons, it can be said that this factor with a score above 1 had higher importance in comparison to other factors. Hence, experts believe that it is the most important factor in saffron export development during the COVID-19 pandemic. The second highest rank belonged to the W3 factor. The weight related to this factor was approximately 30%, which was close to that of the previous factor. The third rank belonged to W5, with a weight of approximately 16%; the fourth rank was devoted to W4, and the least important sub-criterion was W1. Among five factors considered as sub-factors, it can be said that sub-factors of W2, W3, and W5 were related to technical managerial issues, and they allocated approximately 26% of the weight of these factors to themselves. W4 was related to economic issues, and W1 was related to executive issues with the least weight and importance. Therefore, managerial and technical issues are considered to be the most important factors in developing Iran’s saffron exports during the COVID-19 pandemic.

The next group included five sub-factors. According to rankings obtained from pairwise comparisons, it can be mentioned that the O4 sub-factor with a score above 1 had higher importance than other factors. Therefore, experts believe that this is the most important opportunity factor in terms of saffron expert development during the COVID-19 pandemic. The second rank was related to the O5 sub-factor. The weight allocated to this factor was approximately 24%. The third rank belonged to O3 and weighed approximately 23%, which was close to the weight of the previous factor. The fourth rank belonged to O2, while the least important sub-factor was O1, with a weight of 6%. It can be said that, in this group, the issues of interactions with other countries, such as the sales office, virtualized and specialized fairs, and protection of knowledge enterprises, are very important during the COVID-19 pandemic. The next group involved sub-factors of threats. The T3 sub-factor was more important than the other factors. Therefore, experts believed that it was the most important threat to saffron expert development during the COVID-19 pandemic, with a weight of approximately 43%. The T2 sub-factor ranked second. The weight of this factor was approximately 31%. The sub-factors of T4, T5, and T1 with weights of 0.118, 0.099, and 0.04 ranked third, fourth, and fifth, respectively.

In the next step, the final importance of factors included within each SWOT group (sub-criteria) was obtained separately. The fifth column of Table 4 shows the weight of the sub-criteria with regard to all criteria, which is obtained by multiplying the criteria weight by the column of the relative weight. The least important sub-criterion was the S1 factor with a weight of 0.3%. The most important sub-criterion was W2 with a weight of 21%. This factor had the highest weight in the related group. The sub-factors of W3 and O4 ranked second and third, respectively. Sub-factors S4 and S1, with weights of approximately 0.6 and 0.2%, respectively, had the least importance. It can be said that the sub-factors included in weaknesses are the most important factors and the most effective sub-factors in the evaluation of strategies because approximately 47% of the weight was related to this sub-factor. It should be mentioned that weaknesses were the first priority in comparison to other factors and criteria. The sub-criteria of opportunity, with a weight of approximately 28%, were placed in the next priority. The least important sub-criterion was strength, with a weight of approximately 7.2%. The other priorities were S2, S5, S3, and S4. Sub-factors included in threats with a weight of approximately 95% constituted the final weight. Therefore, to determine the strategy during the COVID-19 pandemic, it is first necessary to consider factors included in opportunities and weaknesses and to implement strategies that decrease the effect of factors included in weaknesses, in addition to using opportunities or applying them.



TABLE 4 Final and relative weights of each SWOT factor and its sub-factors.
[image: A table shows factors and their priorities. Factors include Opportunities, Threats, Strengths, and Weaknesses with respective priorities: 0.284, 0.170, 0.073, and 0.473. Each factor lists sub-factors with corresponding relative and overall priorities, indicating detailed evaluations for each category.]

In general, the abovementioned sub-criteria can be divided into three groups: economic, structural, and technical. The first group involved technical managerial issues with a weight of approximately 55%. The other group was related to structural issues, with a weight of approximately 34%. The other group was related to economic factors with a weight of 11%. It can be said that factors included within weakness were considered by the experts, and the sub-factors of opportunity should be considered to execute the strategies of Iran’s saffron development during the COVID-19 pandemic. The sub-factors of strength had very low potential, and their strategies might have had the least influence. Hence, it is desirable to apply strategies that provide some opportunities following the factors selected for them. By multiplying the last columns of Table 2 with those in Table 3, the overall priority of each sub-factor is calculated. The prioritizing strategies were similar to those used in this procedure. By considering the average of the pairwise comparisons recommended by the expert team, the relative priority of alternative strategies was calculated with respect to each sub-factor included in each SWOT.

Finally, Expert Choice software was used to calculate the overall priority of each alternative. As shown in Table 5, according to priorities of strategies in terms of saffron export development during the COVID-19 pandemic based on the AHP-SWOT method, “Performing marketing research in universities” and “Creating international associations and using anti-COVID-19 tools” were the most important approaches to developing Iran’s saffron position during the COVID-19 pandemic in global markets, and “Supporting the private sector in export” had minimum weight. With regard to the four priorities of factors and their sub-factors by considering the final weight, it is expected that the WO strategy was considered as the first priority, and with regard to the relative weight of WT strategies, they were given higher priority, but such results were not obtained. First, the strategies are scored according to the views and comments of experts, and scoring is performed mentally. The second reason is that it is better to use the ANP model to evaluate the results again, as this model measures the dependency between the factors and sub-factors.



TABLE 5 Relative importance of AHP.
[image: A table showing strategies ranked by overall priority. SO1 has a priority of 0.214, ST1 is 0.202, WO1 is 0.160, SO2 is 0.146, WT2 is 0.143, and WT1 is 0.134.]



4.2 ANP analysis

The ANP method was used to identify the ranks of the six strategies in the second proposed approach. This method also uses specific results from the AHP method. A pairwise comparison of SWOT factors based on the AHP analysis (Table 2) was used in this regard. In addition, a dependency analysis was conducted between the SWOT factors for the external and internal environments based on the dominant proposal in the expert interview forms. The dependencies among SWOT factors are shown schematically in Figure 3. Moreover, expert opinions were used to investigate the interaction effects between the factors. The results of the dependence matrix (W2) were obtained for this phase. The interdependent priorities of the SWOT factors (Wf) are shown in Equation 1, which is calculated by multiplying W2 by the vector of the importance degree of the SWOT factors (W1).

[image: Matrix multiplication of two matrices labeled \(W_2\) and \(W_1\) resulting in a final matrix \(W_f\). \(W_2\) contains values organized by \(S\), \(W\), \(O\), \(T\) rows and columns, with non-zero entries highlighting weights. The product matrix \(W_f\) shows summarized weights for each category, emphasizing strategic importance.]

[image: Diagram with four interconnected circles labeled W, T, S, and O. Arrows show bidirectional connections among circles, with each linked to the others, forming a cross and circular paths.]

FIGURE 3
 Inner dependency between SWOT factors.


As shown in Table 6, the weight of each SWOT dimension in the ANP method was different from that in the AHP method. With regard to the second column of the table, strengths had the highest weight in the ANP method, and weaknesses had the lowest weight. The factors included in threats and opportunities ranked second and third, respectively, with weights of 0.245 and 0.148, respectively. Approximately half of the weight of these factors’ (50%) belonged to strength. The weakness constitutes approximately 14% of the total weight. Therefore, it can be said that in the internal environment of Iran’s saffron, strengths had a higher rank, and strategies based on strengths were more effective and influential. In an external environment, factors included within opportunities can overcome factors included within threats in terms of weight according to the view of experts. Hence, strategies using available strengths and opportunities must be applied during the COVID-19 pandemic. In the AHP method, weaknesses and threats had the highest importance, while the factors included within opportunities and strengths had the highest importance in the ANP method, and with regard to Iran’s saffron conditions and the COVID-19 pandemic, it is expected that strengths and opportunities can be used more than threats and weaknesses. Hence, it seems that the ANP method is more efficient because it measures the dependency between factors and sub-factors.



TABLE 6 Relative and final weights of each SWOT factor and its sub-factor by using ANP.
[image: Table displaying factors with their priorities and sub-factors. Factors include Opportunities (0.254), Threats (0.148), Strengths (0.493), and Weaknesses (0.107), each having sub-factors with respective relative and overall priorities.]

The third column of the table demonstrates the sub-factors of a related group, and the fourth column shows the relative weight of each sub-factor in the related group. In the strength factor group, S2 had the highest weight, while S5 and S3, with the weights of 0.261 and 0.111, ranked second and third, respectively. S1, with a weight of 0.038, is the least important. The ranks of the sub-factors were the same in terms of priority compared to the AHP method. Another group comprises the sub-factors included in the weaknesses. W2, W3, W1, and W4 had the highest and lowest importance values, respectively. The technical managerial issue had the highest weight in both methods. The ranks of W3 and W5 were the same for the two methods, and only W1 and W4 had different priorities. In terms of opportunity sub-factors, it should be noted that O4 and O1 had the highest and lowest importance, respectively, and the priority of the other factors is observed in the table. It had the same ranking as that of the AHP method. T3, T2, T4, T5, and T1 had the highest and lowest importance values, respectively. These results are similar to those obtained using the AHP method.

In the next step, the final importance of the sub-criteria of the SWOT factors was obtained separately. The fifth column of the table shows the weight of the criterion with regard to all criteria, and it is obtained by multiplying the criteria weight by the relative weight, and it shows the final weight. The least important sub-criterion was related to W1 with a weight of 0.5%. S2, with a weight of 25%, was the most important sub-criterion. This factor had the highest weight among all the related groups. The sub-factors S5 and O4 ranked second and third, respectively. The sub-factors of W4 and T5, with weights of 0.8 and 0.6%, respectively, were placed in the least important priority. The other priorities and final weights of the sub-factors are presented in Table 6. It can be said that the sub-factors included within strengths were the most important sub-factors to evaluate the strategies during the COVID-19 pandemic because approximately 49% of the weight is related to these sub-factors. It should be mentioned that strengths were prioritized over other factors or criteria. The sub-criteria of opportunities with a weight of approximately 25% were placed as the next priority. The least important sub-criterion was the weakness criterion with a weight of approximately 11%. The other priorities were W2, W3, W5, W1, and W4. Sub-factors included in the threats with a weight of approximately 15% constituted the final weight. Therefore, to determine a strategy during the COVID-19 pandemic, it is necessary to consider the strength and opportunity factors and adopt strategies that maximize the use of opportunities while using their strengths.

In general conclusion, the mentioned sub-criteria can be divided into three groups, including economical, structural, and technical managerial groups. The first group included structural factors, with a weight of approximately 62.8%. Another group was related to technical managerial factors with a weight of approximately 30.1%. The last group was related to economic factors with a weight of approximately 7.1%. It can be said that the weight of factors related to technical managerial factors was higher than that of structural factors in the AHP method, and it is necessary to implement the strategies during the COVID-19 pandemic to improve technical managerial processes. In the ANP method, the weight of factors related to the structure was higher than that of technical managers; therefore, strategies must be implemented to improve the structure of saffron exports during the COVID-19 pandemic.

Finally, Expert Choice software was used to calculate the overall priority of each alternative. As shown in Table 7, according to priorities of strategies in terms of saffron export development during the COVID-19 pandemic based on the ANP-SWOT method, “Encouraging investors to attract investments and develop infrastructures” and “Performing marketing researches in universities” were the most important approaches to developing Iran’s saffron position during the COVID-19 pandemic in global markets, and “Supporting the private sector in export.” had minimum weight. It is observed that the strategies used in the factors included in opportunities and strengths had a higher priority. This result was expected, and the WT strategies had a lower priority with respect to the low weight of factors included in threats and weaknesses. In addition, the WO strategy was the first priority. As can be seen from Table 6, structural factors are the most important in terms of Iran’s saffron export development during the COVID-19 pandemic; therefore, the execution of this strategy is necessary.



TABLE 7 Relative importance of ANP.
[image: Table displaying strategies with corresponding overall priority values. WO1 has a priority of 0.202, followed by SO1 at 0.177, SO2 at 0.174, ST1 at 0.152, WT2 at 0.148, and WT1 at 0.146.]



4.3 Comparing AHP and ANP method

After performing ANP and AHP analyses, the results of the strategic priorities of the two methods were compared with each other, and the results are presented in Table 8. Differences were observed between the first four priorities, but no differences were observed between the last two priorities. In ANP methods, the first strategy gave importance to using opportunities to reduce the effects of weaknesses. In the second, third, and fourth strategies, using strengths was very important. These strategies must be considered for future studies. Given the high weight of the factors included in opportunities and strengths, in both methods, defensive strategies (performing the strategy to reduce the effects of weaknesses and threats) had the least importance.



TABLE 8 Comparing the priorities of AHP and ANP methods.
[image: Table displaying various strategies with corresponding symbols, ANP and AHP values, and ranks. Strategies include marketing research, supply introductions, investor encouragement, international associations, private sector support, and guaranteed pricing. Numerical values for ANP and AHP are provided along with their rankings.]




5 Conclusion

Saffron is a highly valued medicinal food product that is of significant importance to countries involved in its export and industrial production. Currently, Iran is the world’s leading producer of saffron, while countries such as Spain capitalize on its value through expert processing. This study examines the saffron supply chain to identify and rank the factors influencing the strategy of entering the international saffron market during the COVID-19 pandemic.

We analyzed the strengths, weaknesses, opportunities, and threats using both the Analytic Hierarchy Process (AHP) and Analytic Network Process (ANP) methods and compared the results. In the AHP approach, the sub-factors categorized as weaknesses were found to be the most critical, accounting for approximately 47% of the total weight in the strategy evaluation. This indicates that weaknesses had a higher priority than other factors. The sub-criteria related to opportunities, with a weight of approximately 28%, ranked next in importance. The least significant sub-criteria were those related to strengths, which accounted for approximately 7.2%. The most important sub-criterion was W2, with a weight of 21%. Consequently, to formulate a strategy during the COVID-19 pandemic, it is essential to focus on addressing weaknesses while leveraging the available opportunities.

In terms of the ANP method, the strength sub-factor emerged as the most crucial, representing 49% of the total weight in the strategy evaluation. Strengths were prioritized over other factors, followed by sub-criteria of opportunities, which accounted for approximately 25% of the weight. The least significant were weaknesses, contributing only 11%, while threats accounted for approximately 15%. Therefore, to develop a strategy during the COVID-19 pandemic, it is vital to focus on the strengths and opportunities to maximize their potential while minimizing their weaknesses.

The findings of our study differ significantly from those of Abolhassani et al. (2020), Aghdaie et al. (2012), Noorulhaq and Maulavizada (2018), and Shahnoushi et al. (2020), who primarily focus on the economic aspects of saffron production and trade. While these articles delve into economic analyses, production, and marketing challenges, our article examines strategic considerations during the COVID-19 pandemic using the Analytic Hierarchy Process (AHP) and Analytic Network Process (ANP). The submitted research uniquely identifies the criticality of weaknesses and opportunities for strategy development using AHP, while ANP reveals strengths as the most important factor. This comparative approach and emphasis on pandemic-related strategic considerations distinguish the submitted article from other literatures.

According to the priority of saffron export development strategies during the COVID-19 pandemic based on the AHP-SWOT method, “Performing marketing research in universities” and “Creating international associations and using anti-COVID-19 tools” were the most important approaches to developing Iran’s saffron position during the COVID-19 pandemic in global markets, and “Supporting the private sector in export” had minimum weight. Moreover, to the priority of saffron export development strategies during the COVID-19 pandemic based on the ANP-SWOT method, “Encouraging investors to attract investments and develop infrastructures” and “Performing marketing researches in universities” were the most important approaches to developing Iran’s saffron position during the COVID-19 pandemic in global markets, and “Supporting the private sector in export.” had minimum weight. A comparison of the results of strategy priority in ANP methods showed that it is important to use the opportunities in the first strategy in order to decrease the weakness effects. Using strengths is very important in the second to fourth strategies, and it is necessary to consider these strategies because of the high weight of factors included in strength and opportunity. Defensive strategies had the lowest importance for both methods. When solving a problem under dependency assumptions, the ANP method considers possible dependencies among factors, sub-factors, and alternatives.

Therefore, it is recommended that future studies address the export of agricultural and non-agricultural products in addition to saffron. The supply chain of other products during the COVID-19 pandemic can also be examined, and the best strategies are identified and prioritized (Rahbari et al., 2024b; Zhao et al., 2024). Other important factors, such as environmental factors, can also be considered when examining such issues (Sadati-Keneti et al., 2023; Dorcheh and Rahbari, 2023; Pasandideh et al., 2023; Heidari et al., 2019). In addition, other methods can be used to examine the supply chain strategies for saffron and other products (Jafari et al., 2023; Di Vita et al., 2023; Pourahmadi et al., 2023). Among these methods, the QSPM-SWOT and fuzzy SWOT methods can be used and compared to the methods used in this study.

Although our study offers valuable insights into the saffron supply chain during the COVID-19 pandemic, we acknowledge several key limitations. The analysis relies on expert opinions and secondary data, which may introduce bias and limit the generalizability of the findings. Additionally, although robust, the ANP-SWOT model depends on specific assumptions regarding factor relationships and weightings, potentially influencing the results. The study’s focus on a specific geographical context and time period limits the extrapolation of the findings to other regions and future scenarios. Further research is needed to validate the findings with comprehensive empirical data, conduct a longitudinal analysis, and investigate the framework’s applicability in different contexts.
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In recent years, blockchain technology has emerged as a tool with the potential to enhance transparency, fairness and sustainability within agrifood supply chains. This research contributes to the ongoing discourse on the implications of adopting blockchain, by addressing the issue of the potential of blockchain technology to contribute to fairness within the coffee chains. Starting from a theoretical framework that conceptualizes agrifood fairness and its relationship with blockchain, the research proceeds with an exploration of adopted blockchains’ fairness relevant information in 47 coffee products commercialized by 25 coffee roaster companies. The objective is to assess how specific characteristics associated with both roaster companies and products influence the quantity and quality of fairness relevant information disclosed through blockchain. Data elaboration includes linear multivariate regressions processing information related to coffee roaster companies and products, and assessing the types of fairness information conveyed through the blockchain. By establishing correlations between these characteristics and specific types of fairness, this study reveals that some companies’ characteristics—such as company size and strength of commitment—and some coffee products’ characteristics—such as product storytelling, existence of certifications and presence of blockchain information on the coffee packaging—influence the amount of fairness relevant information displayed on the blockchain platforms available to end users. This suggests that blockchain technology can aid in increasing transparency in supply chains and conveying fairness relevant information to end users. Its effectiveness is particularly significant in companies adopting sustainability oriented measures and appropriate company policies. In these contexts, blockchain can serve to increase visibility of ongoing fairness oriented processes.
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Introduction

Coffee, one of the most important products in global food chains, is experiencing an extensive reach, with a notable daily consumption of approximately three billion cups. The escalating global demand for this beverage has fueled a production increase of over 60 percent since the 1990s (Borrella et al., 2015; International Coffee Organization, 2021; International Trade Centre, 2021). This surge not only highlights the popularity of coffee but also solidifies its pivotal role in the international market.

However, beneath the surface of this dynamicity lies a landscape full of challenges. The environmental footprint of coffee cultivation raises concerns. Furthermore, the sector is characterized by the issue of an unequal distribution of value. As past studies highlighted, there are structural asymmetries across the coffee supply chain, with large players influencing the supply chain, especially over chain bargaining processes, government regulations, industry practices, and the formulation of industrial standards. Their concentrated power tends to marginalize smaller stakeholders, creating a system where value and decision-making are mainly controlled by a few dominant entities in a way that is typical of the global value chains (Miatton and Amado, 2021; Gereffi, 2018; Ponte, 2019) (Figures 1, 2). This economic disparity becomes a breeding ground for social and economic dynamics such as rural poverty and economic vulnerability in coffee-growing regions. Moreover, the coffee industry faces the possibility of heightened price volatility, a phenomenon that complicates the economic stability of small-scale producers (International Trade Centre, 2021; Samoggia and Fantini, 2023).
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FIGURE 1
 Global coffee supply chain.
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FIGURE 2
 Concentration of power in global coffee supply chain (inspired by Gereffi, 2018 and Ponte, 2019).


To address these challenges and promote greater environmental, social, and economic sustainability in the coffee sector, various regulatory tools have been introduced in recent decades. For instance, the European Union’s food labeling regulations ensure that consumers receive essential information to make informed purchasing decisions. Additionally, market-based mechanisms such as certifications and voluntary standards have been implemented to encourage coffee operators to adhere to recognized sustainability criteria, aiming to redistribute power and value more equitably along the supply chain. However, as studies indicate, the effectiveness of these tools has been limited (Quiñones-Ruiz et al., 2015; Giuliani et al., 2017). Their impact has fallen short of fully addressing the persistent inequalities and lack of transparency in the sector, highlighting the urgent need for innovative solutions that can overcome these limitations and bring about meaningful change.

In recent years, one of the most promising tools for enhancing transparency and promoting equity and sustainability in agrifood supply chains is blockchain technology (Tripoli and Schmidhuber, 2020; Pergamo, 2020). Thanks to its capacity of guaranteeing an unaltered and decentralized flow of information throughout the supply chain, from farm to consumers, blockchain is often recognized for its potential in reshaping existing business models, fostering innovative practices, and enhancing transparency and traceability across various sectors (Tripoli and Schmidhuber, 2020; Bager and Lambin, 2020; Miatton and Amado, 2021; Dal Mas et al., 2023). This potential is reflected in a growing attention in the scientific literature related to the adoption of this technology by many companies in the coffee sector (Azzi et al., 2019; Pournader et al., 2020; Singh et al., 2022; Alamsyah et al., 2023). Yet, the practical effectiveness of this technology in making supply chains more transparent and fairer has to be fully demonstrated (Bager et al., 2022; Singh et al., 2022).

Considering these factors, this study aims to address this research gap by exploring the capability of blockchain technology in conveying fairness relevant information within the coffee chain. By analyzing the use of blockchain by coffee roaster companies around the world, this investigation seeks to ascertain the degree to which blockchain platforms provide transparency and disseminate fairness relevant information regarding the management practices of coffee roasters with upstream stakeholders, so to share it with the other chain stakeholders, from farmers to consumers. Specifically, the study poses the following research questions: Do blockchain platforms provide fairness relevant information to end-users? Are there specific characteristics of companies and products within coffee blockchain systems that advance transparency and fairness?

These questions, the conceptual model developed, and the resulting research hypotheses aim to contribute novel insights both conceptually and methodologically to the study of blockchain technology. Additionally, they seek to explore potential practical implications, fostering a deeper understanding of this tool and enhancing its effective use and application in real-world contexts.

The paper is structured into sections, beginning with an initial section defining the theoretical framework and exploring the growing role of blockchain in promoting fairness along the coffee supply chain. This is followed by a section detailing the methodology and presenting results, a discussion section, and concluding with key insights and recommendations.



Theoretical framework


Fairness and socio-ecological systems

This study draws on the theoretical concept of fairness. Although fairness and social sustainability are implicitly mentioned in many of Sustainable Development Goals of the 2030 Agenda by United Nations, achieving a universally accepted definition of fairness requires clarifications at the conceptual level. Past literature has generally categorized fairness into three primary dimensions: distributive, procedural, and interactional fairness (Samoggia and Beyhan, 2022). Distributive fairness deals with the tangible outcomes of exchanges and how they are allocated among various actors within the agro-food chain, focusing on equitable outcome distribution (Adams, 1965). Procedural fairness examines the processes through which outcomes are achieved, including negotiation procedures and actors’ perceptions of the fairness of these processes (Thibaut and Walker, 1978). Interactional fairness measures the extent to which individuals within the chain are treated with courtesy, dignity, transparency, and respect throughout the execution of procedures (interpersonal fairness) as well as they are informed about the processes (informational fairness) (Bies and Moag, 1986; Samoggia and Beyhan, 2022; Samoggia et al., 2023). The interplay of these three dimensions can guarantee fairness—and social and economic sustainability—in agrifood chains, ensuring that the benefits and burdens are equitably distributed among all stakeholders.

Concurrently, past studies conceptualized the interdependence of social, economic, and environmental sustainability, prompting exploration into socio-ecological systems (Holling, 2001; Giampietro et al., 2009; Preiser et al., 2018; Berkes, 2017). This interplay impacts vulnerable actors within supply chains, amplifying the effect of environmental degradation on marginalized groups or weak actors in supply chains (Hochedez, 2022; Rubio and Amaya, 2021; Fantini, 2023a, 2023b; Murray et al., 2023). In this context, environmental fairness emerges as a key concept, emphasizing the role of environmental practices in mitigating or exacerbating inequalities. Building on these foundations and in alignment with other studies, this research adopts a comprehensive framework centered on distributive, procedural, and interactional fairness augmented by environmental fairness, setting the stage for a complete examination of fairness dynamics within the agro-food chain (Figure 3).

[image: Flowchart illustrating fairness concepts with main categories: Distributive, Procedural, Interactional, and Environment. Distributive and Procedural are connected to Fairness. Interactional is divided into Informational and Interpersonal. References include Adams (1965), Thibaut and Walker (1978), Bies and Moag (1986), Greenberg (1990), and Food Ethics Council (2020).]

FIGURE 3
 Fairness in agro-food chain. Source: Del Prete and Samoggia (2023).




Connecting blockchain, fairness and marketing communication

A blockchain is essentially a decentralized, distributed, and public digital ledger that records transactions across multiple computers. This feature gives blockchains significant potential to improve traceability and overall performance by offering enhanced security and transparency. A blockchain serves various purposes, including the efficient recording of each asset’s movement through the supply chain nodes. This unified approach parallels the physical product’s journey (Azzi et al., 2019; Litke et al., 2019; Rejeb et al., 2020).

However, the integration of blockchain into agrifood systems presents both opportunities and challenges that demand comprehensive exploration. While blockchain proponents emphasize its potential to foster trust, transparency, and efficiency by eliminating intermediaries and ensuring payment execution via smart contracts, skeptics caution against exacerbating power imbalances, disproportionately burdening small producers, who are generally less familiar with this technology, and posing challenges in data verification (Tripoli and Schmidhuber, 2020; De Vries, 2020; Miatton and Amado, 2021; Rejeb et al., 2020; Klaus, 2017; Yiannas, 2018; Azzi et al., 2019; Allena, 2020; Pournader et al., 2020; Rejeb et al., 2020; Saurabh and Dey, 2021; Singh et al., 2022; Alamsyah et al., 2023). Other authors suggest that blockchain can sometimes serve mostly for marketing purposes than for ensuring genuine transparency (Bager and Lambin, 2020; Bager et al., 2022).

This complex scenario necessitates further attention and exploration to unlock blockchain’s full potential and ensure equitable benefits across supply chain stakeholders. In this context, this study adopts a theoretical model (Figure 4) that elucidates the interconnectedness between blockchain transparency, fairness, and marketing, offering insights into how these realms mutually influence and shape each other within the coffee supply chain. This model is an original and exploratory framework designed to address a specific research gap through a heuristic and deductive approach. It builds on recent literature addressing global coffee chains, business and corporate strategies, fairness in agri-food systems, and the potential of blockchain technology (Ponte, 2019; Samoggia and Beyhan, 2022; Bager et al., 2022; Samoggia et al., 2023; Miatton and Amado, 2021; Azzi et al., 2019; Rejeb et al., 2020; Singh et al., 2022).

[image: Diagram showing the relationship between three concepts: Blockchain, Marketing, and Fairness. Blockchain is linked to transparency. Marketing includes B2B and B2C. Fairness encompasses interactional, procedural, distributive, and environmental fairness. Arrows connect all three, indicating interconnections.]

FIGURE 4
 Theoretical framework for fairness role of blockchain in coffee supply chains.


The model highlights how blockchain technology can serve dual purposes: it can facilitate marketing and communication efforts, depending on the chosen business model (B2B or B2C), and prioritize transparency and fairness within supply chains. Moreover, it elucidates how the objectives of fairness and marketing communication can mutually influence each other, shaping the utilization of blockchain and impacting both the quantity and quality of information it provides. Greater transparency can foster increased fairness within supply chains (Bies and Moag, 1986; Samoggia and Beyhan, 2022; Samoggia et al., 2023), making it crucial to ascertain the true level of transparency conveyed through the blockchain and the factors influencing it (Rothenberger, 2015; Nai et al., 2020). At the same time, demonstrating greater transparency and a higher level of fairness within a company’s supply chain can serve as a significant competitive advantage. This positions the company as socially and environmentally responsible in the eyes of consumers, enhancing its market appeal. The potential connection among transparency, fairness and B2C marketing activities should also be understood within this context. Additionally, there is a B2B communication aspect. By leveraging the information disclosed through blockchain technology, companies can facilitate improved communication and operational efficiency across the supply chain, fostering stronger partnerships and streamlined processes.

Within this dynamic interplay between corporate strategies and initiatives aimed at enhancing transparency and various types of fairness along the coffee supply chain, specific attributes of coffee roaster companies and their products are likely to play a significant role in influencing the nature and scope of the data disclosed through blockchain technology. For instance, companies deeply committed to social and environmental sustainability may disclose more information compared to those with less commitment in these areas. Similarly, products emphasizing fairness may feature more extensive disclosures on the blockchain than others. Therefore, investigating these connections can yield valuable insights.

Expanding on this model and its underlying assumptions, the following research hypotheses are formulated. The first two hypotheses pertain to the relationship between specific characteristics of companies and coffee products. They are as follows:


HP1. Roaster companies’ characteristics influence the amount of fairness relevant information displayed in the blockchain.
HP2. Coffee products’ characteristics influence the amount of fairness relevant information displayed in the blockchain.



In line with the assumptions of the theoretical framework, it becomes equally compelling to delve deeper into this interaction, analyzing how individual characteristics may lead to specific types of fairness disclosure. Consequently, two additional hypotheses are formulated:


HP3. Roaster companies’ characteristics lead to specific types of fairness relevant information disclosure (procedural, interactional, distributive and environmental).

HP4. Coffee products characteristics’ lead to specific types of fairness relevant information disclosure (procedural, interactional, distributive and environmental).
 




Methodology

The methodology used includes two stages: data collection and data elaboration.


Data collection

The research involved a detailed review of the websites of roaster companies worldwide, of coffee products, and of blockchain platforms. The coffee roaster companies were identified among the most well known roaster companies at global level, and consequently their coffee products. The blockchain platforms consulted are the following: ThankMyFarmer, Bext360, TrackGood, Ifinca, Fairchain, FoodChain, IBM Food Trust, Xilene, Azure Blockchain Service. This stage of the research was carried out between October and December 2023.

Once the coffee roasters, products, and blockchain platforms were identified, the research initiated the data collection process of coffee blockchain information. It consisted of two steps. First, the information available on the blockchain platforms was categorized into 18 key common aspects, covering logistical, environmental, economic, and procedural factors. The completeness index of information was determined by calculating the percentage of entries in the individual blockchains out of the total 18 defined aspects. Subsequently, each fairness aspect was linked to a specific type of fairness (Table 1) based on the theoretical definitions outlined earlier and on the definitions found in past literature on the various fairness categories (Bies and Moag, 1986; Samoggia and Beyhan, 2022; Samoggia et al., 2023). The research adopts a heuristic and exploratory approach. It is specifically designed to identify and define a set of descriptive elements based on the analysis of existing blockchain platforms and the information they provide. For example, the attribute “farmers information” is linked to procedural and interactional fairness, as it expresses the ability of this attribute to provide insights into the interactive dynamics (informational and relational) among farmers, as well as their role in establishing equitable practices and prices. Similarly, the attribute “health certification” is associated with Interactional and environmental fairness, as it provides information on interactional dynamics, offering supply chain actors’ insights into the health conditions of operations and the environmental impact thereof. Conversely, “payments to farmers” is evidently linked to distributive fairness. This is attributed to its role in providing precise quantitative information on the distribution of value within the coffee supply chain. This approach allowed for the assessment of the overall completeness of information provided across the 18 fairness aspects, and the completeness of information related to each type of fairness.



TABLE 1 Blockchain information aspects and link to a specific type of fairness.
[image: A table categorizes information provided by blockchain into four fairness dimensions: procedural, interactional, distributive, and environmental. Each row represents different aspects like region of origin, health certification, and payments. An "x" marks the applicable fairness dimension for each aspect, highlighting areas where blockchain supports specific types of fairness.]

Second, data collection focused on gathering information about the characteristics of the coffee roaster companies and products featured on the blockchain platforms. Roaster companies’ characteristics include company financial and economic quantitative (e.g., total volume of production and company size) and qualitative data (e.g., participation in sustainability programs, market type, geographical location of the company headquarters etc.). Financial and economic quantitative data were gathered from ORBIS financial statements database (Bureau van Dijk—2024), and qualitative data by consulting roaster companies’ websites and official company reports, such as annual, sustainability or corporate responsibility reports. Products’ characteristics, collected through extensive consultation of blockchain platforms and companies’ websites, include features such as “product storytelling,” “price” or “existence of certifications.”

Tables 2, 3 provide the list of the information and data collected, along with the rationale behind their selection. Each information was operationalized in a string or numeric value (% or binary value). In addition to clarity, this method of data collection offers the significant advantage of replicability.



TABLE 2 List of roaster companies characteristics and definition of variables, rationale and source of information.
[image: A table compares various characteristics of roasting companies and their potential impact on blockchain adoption. It includes categories like headquarters, financial performance, company size, international operations, business perspective, employee advocacy, CSR initiatives, transparency initiatives, fair trade commitment, NGO collaboration, distribution channels, and product diversification. Each row lists a characteristic, its variable, value, rationale, and source of information, such as websites and financial databases, to assess how these factors might influence blockchain technology usage.]



TABLE 3 List of products characteristics and definition of variables, rationale and source of information.
[image: A table listing various characteristics of coffee products, such as price, quality, bean variety, flavor profile, product storytelling, presence of blockchain information, and certifications. Each characteristic is accompanied by variables, values, rationales, and sources of information, which include websites and blockchain platforms. The table provides insight into how these factors influence perceptions of quality, transparency, and integrity in the coffee industry.]



Data elaboration


Data and information used in data elaboration

The subsequent stage aimed at defining the variables for data elaboration. The dependent variable was a percentage expressing the magnitude of fairness relevant information displayed in the blockchain. This value was derived from a compilation of the frequency of information occurring in the examined blockchains, for a total of 18 attributes (Table 1). This set of information was classified according to the theoretical framework (Figures 1, 2), referencing various types of fairness. Each blockchain displayed different fairness relevant information. The cumulative value of these individual pieces of each product fairness relevant information was the dependent variable (index of fairness relevant information completeness) expressed in percentages. Roaster companies’ and products’ characteristics were identified as independent variables. Some characteristics have a descriptive role and given their limited variability, they were excluded from further model elaboration processing. Regarding roaster companies, these characteristics were: “headquarters,” “international operations,” “business perspective,” “employee advocacy,” “collaboration with NGOs” and “diversification of product portfolio.” Regarding coffee products, these characteristics were: “coffee quality,” “bean variety,” “flavor profile.”



Data elaboration steps

The data elaboration included three different steps. First, the initial step focused on processing data of the coffee roaster companies. The risk of collinearity was excluded through careful selection and VIF (variance inflation factor) check, establishing a set of independent variables. Some variables (“corporate social responsibility initiatives” and “current transparency initiatives”) were excluded due to the presence of collinearity. The variables kept after this selection, defined as explanatory variables were: “trend of production value in the last 6 years,” “company Size,” “extent of global presence” (market type), “existence of transparency programs,” “strength of commitment” (fair trade practices). Subsequently, a linear multivariate regression was conducted, with the magnitude of fairness relevant information completeness in the blockchain as the dependent variable and considering p < 0.05 as the threshold for significance.

Second, the same methodology was applied to product data, seeking to identify which product characteristics might influence the amount of fairness relevant information completeness present in the blockchain. In this case, the potentially explicative variables were: “price,” “coffee quality,” “presence of blockchain information on the packaging,” “existence of certification,” “product storytelling.” To facilitate a better assessment of response variations based on these characteristics, a dichotomous approach was adopted. The dichotomization cut-off was established by indicating the presence of a specific characteristic or by analyzing frequencies and averages of the factors.

Finally, aligning with the established theoretical framework, the research evaluated the level of fairness potentially conveyed by the information in the blockchain, by linking individual information aspects to specific types of fairness (procedural, interactional, distributive, and environmental fairness), and calculating frequencies and percentages. This allowed to identify which type of fairness is most valued in the information accessible to the end user.

The final step involved conducting linear multivariate regressions for each type of fairness to either confirm or reject hypothesis 3 and 4. Data elaboration was performed using IBM SPSS Statistics 28.





Results


Coffee roaster companies and products applying blockchain technology

The research identified 47 products and 25 roaster companies that implement blockchain technology (Table 4). The selected roaster companies are small to medium-sized and large businesses, and reflect the coffee market’s diversity. These companies operate in various continents (North America 5, Europe 19, Asia 1), ensuring a broad covering of various global contexts. No roaster companies from other continents were present at the time of analysis.



TABLE 4 Selected coffee roaster companies and number of products with blockchain technology.
[image: A table listing roaster companies, number of products, and geographical areas. North American companies have one product and include 1850, Andytown Roasting, Crazy Mocha, and Starbucks. European companies have varying product counts, such as Caffè Barbera with three. Philocoffea is based in Asia and offers four products.]

Furthermore, the results show that most coffee roasters identified have a business to consumer perspective (B2B = 2, B2C = 23), have internal programs promoting employee well-being (employee advocacy: no = 21, yes = 4), are present in various distribution channels (e.g., supermarkets, specialty stores, cafes) (distribution channels: no = 4, yes = 21), and have a diversified range of coffee products offered (diversification of product portfolio: no = 4, yes = 21). Moreover, coffee products are mostly made with Arabica vs. Robusta, as bean varieties (bean variety: Arabica = 44, blend = 3), and provide a detailed flavor descriptions on packaging (flavor profile: no = 44, yes = 3).



Coffee roaster companies’ and product characteristics’ influence on fairness relevant information in blockchain

The first analysis concerns the companies’ characteristics. The study reveals a noteworthy positive significance concerning “strength of commitment” (p = 0.009; B = 0.417). In contrast, negative significant values are observed for “company size” (p = <0.022; B = − 0.480) (Table 5). This shows that higher levels of “strength of commitment” and “existence of transparency programs” are associated with an increased amount of information displayed on the blockchain. Conversely, larger company sizes and higher trends of production value over the years are linked to a lower amount of information on the blockchain.



TABLE 5 Multiple regression model on coffee roaster companies’ characteristics and fairness relevant information in blockchain.
[image: Table showing standardized regression results for five variables: company size, strength of commitment, existence of transparency programs, market type, and trend of production value. Company size has a negative coefficient of -0.480 with significance less than 0.022. Strength of commitment and transparency programs have coefficients of 0.417 and 0.419, with strength being significant at 0.009. The VIF values are all below 4, indicating no risk of collinearity. Significance levels are noted, with R squared values validating the model.]

This observation may imply that roaster companies that are already established or solidifying their position in the market might be less inclined to share comprehensive fairness relevant information about the supply chain. In this context, blockchains could be perceived more as tools to provide an image of transparency rather than facilitating full transparency. Non-significant values are recorded for the variables related to “existence of transparency programs” and “market type.”

Thus, it can be affirmed that hypothesis HP1 is confirmed: some coffee roaster companies’ characteristics have an impact on the amount of fairness relevant information disclosed through the blockchain technology.

Regarding the analysis associated to the products characteristics (Table 6), significant and positive values are particularly evident for the variables “presence of blockchain information on the packaging” (p = 0.012; B = 0.386), “product storytelling” (p = 0.019; B = 0.388) and “existence of certifications” (p = 0.040; B = 0.272). This could mean that more fairness relevant information is shared where there is a greater interest in showing transparency. In contrast, no significance is observed for the remaining variables: “price,” and “coffee quality.” Therefore, it can be affirmed that hypothesis HP2 is confirmed: some coffee products’ characteristics have an impact on the amount of fairness relevant information disclosed through the blockchain technology.



TABLE 6 Multiple regression model on coffee products characteristics and fairness relevant information in blockchain.
[image: Table displaying the effects of various factors on coffee characteristics, including price, coffee quality, product storytelling, certifications, and blockchain information on packaging. Standardized beta (β) values range from -0.210 to 0.386 with significance levels noted for product storytelling, certifications, and blockchain information. All variance inflation factor (VIF) values are below 4, indicating no collinearity. Number of observations: 46. Significance levels marked as p < 0.01 (***), p < 0.05 (**), p < 0.1 (*).]



Fairness values

Concerning the distribution of fairness types, the results highlight two notable aspects warranting deeper investigation. Firstly, there is a discernible imbalance among the fairness types represented in the blockchain information. Out of the 18 selected attributes, procedural fairness stands out as the most frequently represented type (14 attributes refer to this type), while other fairness types, notably distributive fairness and interactional fairness, exhibit lower representation (4 attributes). Table 7 provides a detailed resume of the distribution of various fairness types. Certain blockchain attributes, such as the presence of certifications or farmers information, demonstrate associations with multiple fairness types.



TABLE 7 Presence of fairness types in blockchain information: absolute and relative frequency, and average percent coverage.
[image: Table comparing different types of fairness with their absolute frequency, relative frequency, and completeness average values: Procedural fairness (14, 77.8, 68.22), Interactional fairness (4, 22.2, 40.96), Distributive fairness (4, 22.2, 34.81), Environmental fairness (5, 27.8, 49.64).]

Moreover, Table 7 incorporates the average percent coverage values for each fairness type, revealing another noteworthy aspect marked by significant disparity. Specifically, attributes linked to procedural fairness showcase the highest coverage across the blockchains of various roaster companies. Conversely, other attributes, notably interactional fairness and distributive fairness, have lower average values (40.96 and 34.81, respectively). This implies that the information conveyed by blockchain gives priority to certain aspects over others.

The subsequent step involved conducting additional regressions to examine potential correlations between the roaster companies and products characteristics and the promotion of diverse forms of fairness. The independent variables were the same characteristics employed in the preceding regressions. In each regression, a distinct type of fairness was selected as the dependent variable.

The outcomes of these analyses associated to the roaster companies’ characteristics are presented in Table 8. As evident from the table, values vary across different fairness types, with “company size” and “strength of commitment” consistently displaying the most significant impact. Notably, “company size” exhibits negative and significant values for procedural, distributive, and environmental fairness (−0.047, −0.016, and −0.017, respectively). This suggests that, when it comes to company size, large companies tend to assign less value to three out of four fairness types compared to small and medium-sized companies. This aligns with the earlier discussion about the quantity of disclosed information.



TABLE 8 Multiple regression model on companies characteristics and fairness types in blockchain.
[image: Table analyzing the impact of company characteristics on different types of fairness: procedural, interactional, distributive, and environmental. It lists characteristics such as company size, commitment to fair trade, transparency programs, market type, and production value trend. The table includes columns for standardized beta (\(\beta\)), significance (Sig.), and Variance Inflation Factor (VIF). Notable significant values are marked with asterisks. The table notes observation count and provides \(R^2\) values for each fairness type.]

Similarly, significant values are observed for “strength of commitment,” recording significant values for procedural, distributive, and environmental fairness (0.034, 0.017, and 0.07, respectively). This confirms that a stronger and stated commitment, especially regarding fair practices, is associated with a higher valuation of these fairness types.

“Existence of transparency programs” shows significant values only in the regression with procedural fairness (0.047), while other features do not yield significant values. In the case of interactional fairness, none of the features exhibit significant values. The R and R2 values are acceptable for all regressions, except of interactional fairness, which presents lower values (0.399 and 0.142, respectively). Therefore, the results confirm hypothesis HP3: some roaster companies’ characteristics lead to specific types of fairness relevant information disclosure.

The values pertaining to products’ characteristics are illustrated in Table 9.



TABLE 9 Multiple regression model on coffee products characteristics and fairness types in blockchain.
[image: A data table summarizes the impact of various product characteristics on different types of fairness: procedural, interactional, distributive, and environmental. For each fairness type, characteristics like price, coffee quality, product storytelling, certifications, and blockchain information are analyzed. Columns indicate standardized beta values, significance (Sig.), and Variance Inflation Factor (VIF). Notes indicate significance levels with asterisks, and the number of observations is 25. Additionally, R-squared values are provided for each fairness type to indicate model performance.]

It is evident that the values associated with “presence of storytelling” and “existence of certifications” hold significance across all types of fairness. Notably, the value of “existence of certifications” is highly significant for all fairness types (0.003, <0.001, 0.016, and 0.002), underscoring its substantial impact. “Presence of storytelling” remains significantly influential in all cases, except for interactional fairness, where it still maintains a value proximate to the significance threshold (0.053). Furthermore, “presence of blockchain information on the packaging” exhibits noteworthy significance, particularly in relation to procedural and interactional fairness (0.023 and 0.09, respectively).

This implies that the incorporation of specific claims on packaging or websites has an impact on how fairness information is presented. Furthermore, it affirms that the adoption of blockchain technology, to some extent, functions as a marketing tool, since, through these specific claims, it can convey a transparent and trustworthy image of the companies. The absence of significant values for the remaining two selected characteristics indicates that neither “price” nor “coffee quality” seems to have an impact on the displayed fairness information.

The R and R2 values are acceptable for all regressions, with a slightly lower value in the case of environmental fairness (0.399 and 0.326, respectively).

In conclusion, the results confirm hypothesis HP4: some coffee products’ characteristics lead to specific types of fairness relevant information disclosure.




Discussion


Effectiveness of the study and comparison with previous studies

This study delves into the tangible impact of blockchain through an analysis of information released by various roaster companies on their respective platforms. The central challenge was to thoroughly examine how the adoption of this innovative technology genuinely contributes to fostering transparency and conveying fairness relevant information for both upstream and downstream actors.

The chosen model has proven to be effective. Originating from a well-defined theoretical framework and established through a comprehensive review of recent scientific literature on the subject, the identified variables exhibited significant relevance. The regression analysis provided a robust framework for comprehending specific correlations. For example, the decision to encompass companies across the entire size spectrum—small and medium-sized companies, as well as large companies—yielded an important finding of the research: a discernible inverse relationship between company size and the information displayed on the blockchain.

Equally impactful were the selections of other characteristics, serving as reliable variables to explore the intricate relationship between certain company and product characteristics, the information accessible to blockchain users, and the level of fairness conveyed through this information.

Certain outcomes of this study reaffirm the pivotal role that blockchains can play in enhancing transparency, aligning with assertions made by various authors in recent years (Klaus, 2017; Yiannas, 2018; Azzi et al., 2019; Allena, 2020; Pournader et al., 2020; Rejeb et al., 2020; Saurabh and Dey, 2021). However, aligning with more critical perspectives, a portion of the results refutes the overemphasis on this tool, demonstrating with empirical data that blockchain is not a panacea. Its successful implementation necessitates a deep understanding of both its potential and limitations (Singh et al., 2022; Bager and Lambin, 2020; Samoggia and Fantini, 2023).

Additionally, the analysis exploring the connection between company and product characteristics and different forms of fairness stands out as an innovative aspect of this research.



Blockchain use: between the promotion of transparency and marketing

One of the key objectives of this study was to assess the effectiveness of blockchains in ensuring transparency and completeness of information within global coffee supply chains. The research initially focused on specific attributes within the examined blockchains and later delved into analyzing the potential relationship between selected characteristics related to products and companies and the actual level of information accessible to end users.

As confirmed by the results, which align with other studies (Bager et al., 2022; Singh et al., 2022), blockchain adoption plays a crucial role in securing relevant information on global coffee supply chains, but it does not always guarantee full transparency and fairness relevant information. Notably, critical issues arise concerning the nature of the information shared via blockchain. While there is a substantial focus on environmental and logistical aspects and relational dynamics among involved actors, there is a noticeable scarcity of information concerning the distribution of value along the supply chain. Few companies provide detailed information in this area, creating opacity around one of the crucial aspects highlighted in the literature—the percentage of value retained at the base of the chain, composed of small farmers and wage workers (Bair and Hough, 2012; Lerner et al., 2021; Baquero-Melo, 2023; Moreira and Lee, 2023).

The observation of a negative correlation between companies’ size and the level of shared information suggests that, to some extent, blockchain use may primarily serve a marketing and promotional function. In this sense, small and medium-sized companies may have a greater interest in showcasing full transparency to appeal to consumers concerned with fairness. In contrast, larger, established companies might opt to share less sensitive information to avoid competitive exposure or criticism related to value distribution along the supply chain. While this study cannot definitively determine where genuine corporate commitment ends and instrumental blockchain use begins, it highlights the challenge posed by the absence of crucial information in clarifying the underlying asymmetries within the coffee sector (Bager et al., 2022; Samoggia and Fantini, 2023).

On a positive note, the study reveals a significant correlation between the adoption of Fair practices and the level of information shared, indicating the influential role of declared and certified commitments on transparency. This aligns with findings from other authors (Miatton and Amado, 2021) and highlights the promising potential of blockchain technology in the right context.

Regarding the product characteristics, similar dynamics can be observed. The notable aspect is that the characteristics exerting the most positive impact on the disclosed information level are centered on three key elements: the tangible presence of certifications and the incorporation of storytelling and labels linked to the blockchain. While the first characteristic may imply real commitment, the last two are clearly more related to promotion and marketing. This observation reinforces the dual trend in blockchain use: a genuine commitment to transparency and the strategic use of this technology for promotional purposes, focusing on the promotion of a company’s “ethical” and “trustworthty” image.



Blockchain use and promotion of fairness

Another goal of this study was to investigate whether the adoption of blockchain could contribute to promoting greater fairness throughout the supply chain. The data reveals a dual and conflicting trend, confirming the focus on aspects of procedural fairness while neglecting distributive fairness. This echoes a previously highlighted point, indicating a certain level of opacity regarding the actual distribution of value along the supply chain.

The confidence expressed by some authors in the ability of blockchains to enhance trust and equity (Klaus, 2017; Tripoli and Schmidhuber, 2020; Yiannas, 2018; Azzi et al., 2019; Allena, 2020; Pournader et al., 2020; Rejeb et al., 2020; Saurabh and Dey, 2021) is challenged by a reality where information about the distribution of value, like the share allocated to farmers or the presence of smart contracts, is often missing. While blockchain-viewable information aligns with observations on its role in marketing and communication (Rejeb et al., 2020), empowering a consumer-centric paradigm and enhancing supply chain efficiency, essential information for ensuring complete fairness is frequently absent. This raises concerns about the extent to which end-users can genuinely understand the intricate dynamics within supply chains, raising doubts on the inherent ability of blockchains to contribute significantly to real transparency and fairness.

Instead, blockchains appear most effective in promoting fairness where concrete commitments, such as certifications and fair practices, are already in place. Trusting in this technology without conditions carries a dual risk: it may be viewed solely as a marketing tool, neglecting the complex context in which it operates, or it may inadvertently generate counterproductive effects (Bager and Lambin, 2020; Singh et al., 2022; Samoggia and Fantini, 2023; Bager and Lambin, 2020). Access barriers to technology can lead to unequal participation, especially by the weakest actors like small farmers. While digital technologies impact power dynamics within the coffee value chain, the actual involvement of producers in value creation may remain limited, subject to decisions by other stakeholders. This highlights the need for deploying blockchain with an appropriate legal framework and supportive policies to build an effective strategy for fair coffee value distribution and safeguarding the weakest actors in the supply chain.



Coffee value chain governance

The results and discussion make it evident that the current effectiveness of blockchain technology is crucial but contingent on certain conditions. Identifying these conditions is essential to fully harness the potential of this technology. Previous literature has highlighted the inherent limitations of blockchain, similar to other market tools like certifications, labels, and standards, in addressing the structural inequalities within the coffee industry (Bager and Lambin, 2020; Singh et al., 2022). Thus, there is a necessity to formulate a more comprehensive strategy that actively engages policy actors while prioritizing knowledge and education.

Several authors recommend empowering local and international institutions to establish a legal framework ensuring greater transparency and fairness in supply chains (Quiñones-Ruiz et al., 2015; Vellema et al., 2015; Giuliani et al., 2017). Clearly defined regulations that advocate the redistribution of information and decision-making/negotiating power within supply chains, supported by targeted economic policies fostering associations and cooperatives of small coffee farmers and protecting them in their countries of origin, could represent a basis for an effective strategy aimed and rectifying some of the important asymmetries in the coffee sector.

This strategy could be complemented by focused training campaigns targeting actors facing the most significant accessibility challenges, particularly small farmers. In this context, associations and cooperatives of smallholders could assume the responsibility of delivering comprehensive training on blockchain technology usage, as well as elucidating the intricate dynamics of supply chains.



Managerial implications

This study offers valuable insights into the effective use of blockchain in business management. Firstly, the analysis shows comprehensive coverage of aspects related to procedural and environmental fairness, with a slightly lower representation of interactional fairness. However, distributive fairness is notably less represented. In particular, smaller roaster companies exhibit higher transparency and information completeness, suggesting a distinctive advantage for emerging businesses in the competitive landscape. Achieving transparency across all company sizes would not only enhance confidence in equitable value distribution along the chain but also promote products over less transparent competitors.

A second consideration arises from this perspective. While some instances of information deficiency may be attributed to a reluctance to disclose sensitive data, in other cases, it may result from inadequate training in blockchain usage within roasting companies. Allocating resources to training and providing comprehensive information about supply chain processes and actors through blockchain to end users, including consumers, could prove to be a significant competitive advantage over time. This strategic investment has the potential to yield attractive returns and position companies as transformative entities in the coffee sector.



Insights for further research

Strengths, limitations, and critical issues highlighted in the discussion warrant further exploration of a technology with promising potential. The study involved 25 roaster companies, spanning from small and medium-sized businesses to large corporations. Given the growing adoption of this technology, expanding the sample to include more companies and production chains would be beneficial, allowing the insightful findings of this study to be validated on a larger scale. Future research could delve into the actual transformative impact of blockchain on supply chains, examining the real effects over time in terms of fairness and sustainability among various stakeholders.

Another path for further research could explore the economic, political, and social contexts in which blockchain operates. Specifically, it would be interesting to quantitatively test the effectiveness of blockchain in institutional contexts already committed to addressing inequality and opacity in the coffee and other agrifood supply chains, compared to contexts lacking such institutional action. Past literature highlighted the important role of targeted policies and governmental measures in this regard (Quiñones-Ruiz et al., 2015; Vellema et al., 2015; Giuliani et al., 2017), and additional data could provide valuable insights.

Lastly, future research could focus on supporting small actors in the supply chain with the use and spread of this technology. Understanding variations in the quality and quantity of information entered into the blockchain among small actors with full training from independent sources (e.g., associations or cooperatives) compared to those with limited training or training from roaster companies would be particularly interesting.




Conclusion

The present study shed light on the potential and real impact of one of the most innovative technologies in recent years, namely blockchain. It delved into this by examining the information provided by various roaster companies on their respective platforms, focusing on a key aspect of blockchain—its ability to enhance transparency and fairness within coffee supply chains.

The chosen model, derived from existing literature on blockchain technology and an initial analysis of specific dynamics within global coffee supply chains, proved to be effective. Regressions, based on selected factors, revealed a correlation between certain characteristics of companies and products in the sample and the quantity and quality of information disclosed through blockchain. This allowed for an assessment of the link between blockchain usage and its actual effects. Specifically, it helped determine the extent to which these features could contribute to promoting greater fairness within supply chains. The analysis of both the quantity and quality of disclosed information, along with its connection to specific types of fairness, painted a concrete and detailed picture of blockchain technology’s role in ensuring transparency and conveying fairness relevant information within supply chains.

In line with existing literature, this study highlights the promising potential of blockchain technology, yet also acknowledges its limitations. Notably, it suggests that the effectiveness of blockchain, like other technologies, is more pronounced in socio-political contexts where supply chain asymmetries are already being addressed through significant institutional measures and appropriate policies. In these contexts, blockchain can serve as an excellent enhancer and catalyst for ongoing processes.
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With the successful completion of the battle against poverty, the Chinese government now faces the critical challenge of further consolidating the outcomes of poverty alleviation while simultaneously advancing comprehensive rural revitalization. Ensuring an effective connection between poverty alleviation efforts and the rural revitalization strategy has become a key priority. Poverty alleviation focused on eliminating absolute poverty by providing targeted assistance, whereas rural revitalization seeks to promote comprehensive development through inclusive and sustained support. In contrast to the former’s focus on specific households, rural revitalization not only considers welfare benefits but also emphasizes the importance of efficiency. In this context, industrial assistance emerges as a critical factor in bridging the gap between poverty alleviation and rural revitalization, as it significantly impacts both income growth and distribution. Thus, an important issue for policymakers is how to design effective industrial support policies that balance the need for raising income levels with the goal of reducing income disparities, addressing both efficiency and welfare concerns. Accordingly, this paper focuses on the scope of industrial assistance and examines the differential impacts of various industrial assistance targets on household income and income inequality among farmers, using panel survey data from Yunnan Province for empirical analysis. The research found that as the proportion of low human capital groups in industrial assistance targets decreases, farmers’ income increases and income inequality among farmers increases, as opposed to providing industrial assistance only to low human capital groups. This may be because reducing assistance to groups with low human capital, while improving overall income growth, has led to a widening income gap between different groups, as more resources tend to be directed toward those with higher levels of human capital. For this research area, the empirical results show that if only households listed in the poverty registration system are considered as low human capital groups, it is more reasonable for low human capital groups to account for 50% of industrial assistance targets, at which ratio both welfare and efficiency objectives can be achieved. If marginal households are also considered as low human capital groups, this ratio can be further increased.
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1 Introduction

In 2020, China successfully eliminated absolute poverty, thus significantly contributing to global poverty reduction. However, a critical challenge that has emerged following the success of the poverty alleviation campaign is how to further consolidate these achievements. In this context, making an organic connection between poverty alleviation and rural revitalization strategies has become an important issue of concern in both academic and policy circles. Ensuring the long-term development and stability of previously impoverished areas through this connection is now a key focus for the government. Strategies to alleviate poverty concentrate on households listed under Poverty Registration schemes. Through the government’s exceptional organization and mobilization of resources, a significant triumph of comprehensive poverty alleviation was achieved in a short timeframe, with a particular focus on targeted assistance (Liu et al., 2020; Liu et al., 2018). Comprehensive rural revitalization prioritizes inclusive and consistent support, with a focus on reducing the relative poverty that arises during development. This approach benefits more than a billion people in terms of policy and is characterized by its integrated and interconnected nature (Guo et al., 2019; Zhang et al., 2022). While addressing welfare concerns, rural revitalization also emphasizes the importance of efficiency. The goals of poverty alleviation and rural revitalization are different, and the relevant initiatives in the poverty alleviation stage cannot be copied exactly; therefore, policy transformation is required to achieve the goal of effectively connecting the two. As a result, policymakers face the critical challenge of designing effective measures that both raise income levels and reduce income disparities, while balancing efficiency and welfare considerations.

Industrial assistance plays a key role in linking poverty alleviation and rural revitalization, significantly affecting income growth and distribution. Directly, it raises beneficiaries’ income through “blood transfusion” (e.g., transfer income) and “blood creation” (e.g., technology and resources). However, households with low human capital—such as those registered under the Poverty Registration schemes and marginal households—often lack the skills and motivation to fully utilize these resources, resulting in limited effectiveness of the assistance. As the proportion of these groups decreases, overall income growth may improve, but since wealthier groups benefit more, the income gap could widen. Indirectly, industrial assistance can benefit non-participants through technology diffusion and demonstration effects. Yet, low human capital groups lack endogenous growth momentum (Benabou and Tirole, 2006; Lucas, 1988) and have poor factor endowments, which limits their ability to benefit from spillover effects compared to groups with better endowments (Zhou, 2021). Thus, as the proportion of low human capital groups increases, the spillover effects and income growth slow, improving income disparity but reducing overall income growth. Therefore, improving industrial assistance policies to balance welfare and efficiency, while ensuring effective connection between poverty alleviation and rural revitalization, requires further research.

Industrial assistance is crucial for establishing an effective link between poverty alleviation and rural revitalization. A considerable number of studies have examined industrial aid with a primary emphasis on two aspects. The first is evaluating the impact of industrial assistance. For example, Guo et al. (2022) conducted a case study in Fuping County, Hebei Province and found that the structure of the agricultural industry was altered, and farmers’ income was augmented through industrial assistance. Similar conclusions were drawn in the studies conducted by Xu et al. (2022) and Tao et al. (2022). Liu et al. (2021) examined farmers’ livelihood capital and concluded that industrial development has a substantial positive impact on their livelihood capital, particularly by enhancing their human, social, and financial capital. The second is about factors influencing the impact of industrial support. As Li (2017) observed, various types of industrial assistance have different effects. In the short term, the GSP model which converts poverty alleviation funds into cash and enables poor households to select their investment projects and preferred industries, is superior to the GTP model which provides capital such as piglets, chickens, and quality seeds to poor households and integrates their production directly into the local industrial system. However, in the medium and long term, the GTP is more effective in alleviating poverty. Additionally, the development of complementary industries is crucial. If the government’s provision of public goods aimed at alleviating poverty in a disadvantaged region is not accompanied by fostering and growing the region’s advantageous industries, the effectiveness of such support will be hindered (Chen and Cheng, 2017).

Many studies have examined the effectiveness of industrial assistance and the possible reasons for its minimal effectiveness, but only a few studies have focused on the impact of the scope of industrial assistance targets on the effectiveness of industrial assistance. Specifically, the dual impact mechanism of the participation proportion of low human capital groups on both income growth and income inequality has yet to be fully explored. Two scenarios exist for setting industrial assistance targets: (i) only for labor with low human capital and (ii) for groups intending to engage in industrial development. Human capital is critical to the effectiveness of industrial assistance (Deng et al., 2022). Vulnerable groups may have low levels of education, poor skills, and a low willingness to participate in industrial projects (Cheng et al., 2021). If the policy is overly biased toward vulnerable groups, the impact of industrial assistance may weaken because of the lack of human capital. However, if the government places too much emphasis on the role of human capital and fails to safeguard vulnerable human capital groups by setting quotas, it may lead to “elite capture,” contrary to the goal of narrowing the income gap (Cheng and Wang, 2021). Therefore, various modes of industrial support established by the government may have different impacts, and how to set the scope of industrial assistance targets to achieve a balance between welfare and efficiency and to realize the dual goals of raising incomes and narrowing the income gap requires further research. Therefore, building on existing research, this paper incorporates the scope of industrial assistance beneficiaries into the analytical framework, using empirical research to explore the differential effects of varying participation proportions of low human capital groups in industrial assistance policies. This study not only enriches the literature in this field but also provides important policy implications for designing policies that balance efficiency and welfare. Additionally, while some scholars have highlighted the significance of directly-entering-socialism ethnic groups (DESEG) (Zhu and Bi, 2021), most have adopted qualitative analysis, and only a few studies have conducted empirical analysis based on research data. In this study, our tracking research in Yunnan directly covers DESEG groups, and the findings improve and complement related fields, which has important theoretical and policy implications.

In summary, this paper conducts an empirical analysis using panel data from 1,018 rural households across nine prefectures in Yunnan Province from 2017 to 2020, aiming to achieve the following research objectives: (1) to explore the performance differences among heterogeneous groups in industrial assistance and assess the impact of the proportion of low human capital groups on household income and income disparity; (2) to identify the balance point where the proportion of low human capital groups can reconcile both efficiency and equity; and (3) to provide practical guidance for optimizing industrial assistance policies to better promote industrial revitalization. This study not only enriches the existing literature on the scope of industrial assistance beneficiaries but also offers valuable insights for the effective integration of poverty alleviation and rural revitalization.

The remainder of this paper is structured as follows: The second section reviews the existing literature and constructs the theoretical analysis framework, focusing on the theoretical foundations and empirical studies related to the effectiveness of industrial assistance and the factors influencing it. Based on this, it explains the mechanisms through which the scope of industrial assistance beneficiaries affects policy outcomes. The third section introduces the research data and empirical analysis methods, detailing the data sources, variable definitions, and model selection. The fourth section presents the empirical results, showing the differential impact of varying proportions of weaker human capital groups in industrial assistance on household income and income disparity. It also identifies the optimal range of low human capital participation that balances welfare and efficiency objectives. The fifth section summarizes the findings, discusses the implications, and provides suggestions for future research and policy design.



2 Literature review and theoretical analysis framework


2.1 Literature review

Numerous studies have examined industrial assistance with a primary focus on assessing its impact and analyzing the factors that affect it.

First, existing studies have not reached a consistent conclusion regarding the impact of industrial assistance. Some scholars argue that industrial assistance has a substantial positive effect on farmers’ livelihoods (Tao et al., 2022); however, this remains a topic of debate. Liu et al. (2021) used the propensity score matching method with double difference (PSM-DID) to estimate the impact of industrial poverty alleviation on farmers’ livelihood capital and found that industrial poverty alleviation can significantly improve farmers’ human, social, and financial capital. In the case of Fuping County in Hebei Province, Guo et al. (2022) found that the implementation of an industrial poverty alleviation policy promoted the diversification of rural industries and improved the farmer-market interface, thus increasing farmers’ incomes. Xu et al. (2022) also found that industrial poverty alleviation policies effectively alleviated the vulnerability to poverty of poor households and reduced their future possibility of poverty. However, other researchers have presented different perspectives. For example, Wang et al. (2018) constructed an index system to measure the effectiveness of industrial assistance on three dimensions: economic status, living standards, and spiritual dependence. Their findings revealed that industrial assistance did not have a significant effect on improving the living standards of poor rural households, and that its poverty alleviation effect was limited. Some scholars posit that achieving the desired effect of industrial poverty alleviation is difficult because of unclear beneficiary mechanisms, poor management of poverty alleviation funds, and high natural and market risks (Liu et al., 2018).

Second, industry type, complementary industries, and targeting are the main factors influencing the impact of industrial assistance. (i) Regarding industry type, the efficacy of various forms of industrial assistance differs. Li (2017) categorized China’s industrial assistance models into two types: the GTP and the GSP. The GTP entails dispatching items such as piglets, chickens, and superior seeds to underprivileged households for integration into the local industrial system. The GSP involves disbursing poverty relief funds in cash to enable the poor to select an industry and invest independently. Li (2017) highlights that while the GSP performs better in the short term, it offers superior poverty alleviation in the medium to long term. Yang et al. (2022) states that the integration of agriculture with tourism, processing, planting, and breeding industries has the potential to substantially alleviate poverty. Nevertheless, integrating agriculture with the internet industry does not appear to yield significant benefits for those experiencing poverty. (ii) With regard to complementary industries, when the government supplies public goods to alleviate poverty in poor regions without cultivating and developing complementary industries, the efficacy of industrial support is affected (Chen and Cheng, 2017). (iii) Target ambiguity in the organizational sector poses significant obstacles to the poverty-alleviating effects of industrial growth (Yang and Lu, 2018). Furthermore, the resources provided by external organizations in support of the industry mainly benefits village officials and elites through village committees and cooperatives, including those engaged in large-scale cultivation.

In summary, previous research on the effects of industrial assistance has primarily focused on a single indicator, such as farm household income or livelihood capital, with less empirical research considering the dual objectives of increasing income and reducing income inequality. Additionally, research has emphasized the significance of targeting as a key factor affecting the effectiveness of industrial support. However, there has been limited quantitative analysis of the correlation between various industrial support targets and their impact on farm household income and the income disparity between such households. Moreover, the mechanisms underlying this relationship have not been extensively studied.



2.2 Theoretical framework for analysis


2.2.1 Theoretical framework for analyzing the impact of different aid beneficiaries on farm income

Industrial assistance has direct and indirect effects on rural household income. First, it directly assists participating groups in increasing their income levels through external support and self-motivated efforts. These supportive measures and sustained self-motivation efforts are particularly important in impoverished rural areas, where wages and transfer income significantly contribute to the growth of agricultural household income (Zhang et al., 2020). Using Deqin County as an example, the research area of this study, revenue projects anchored on assets were implemented in 2017. These projects involved 719 individuals who were considered relatively vulnerable and provided them with steady income growth. Moreover, providing technology and resources to enhance farmers’ self-development capacity is vital for stimulating their intrinsic motivation for additional income growth. For example, in Deqin County, underprivileged individuals receive financial support, aid with projects, and technical assistance to improve their capacity to generate income.

However, the efficacy of industrial assistance depends on human capital characteristics including endogenous growth dynamics and potential development capacity. As the level of human capital decreases, industrial assistance efficiency also decreases. The endogenous growth dynamics of farmers play a vital role in income growth, and the absence of farmer autonomy can hinder the influence of industrial assistance (Xu et al., 2019). In certain remote regions, owing to historical and geographical factors, prolonged isolation has ensued, separating them from the rest of society at large and inclining the local population toward negative attitudes, such as the notion of “dependence.” This mindset severely hampers their motivation and limits their capacity for self-improvement (Liu et al., 2017). Taking DESEG as an example, their transition from feudal serfdom and primitive society to a socialist society has resulted in a relatively low degree of social development. Consequently, these ethnic groups tend to be easily satisfied with their lives and exhibit high levels of happiness, while their endogenous motivation to increase their income is significantly lacking. Additionally, certain rural households may lack the developmental capacity necessary to fully reap the benefits of industrial assistance. This hinders the effectiveness of industrial assistance (Wang and Hu, 2019).

Positive outcomes from industrial development also generate indirect spillover impacts on groups not directly associated with industrial assistance programs, which consequently increase their income levels. The industrial assistance policy is a non-exclusionary public good. Thus, households not supported by industry can also benefit from the policy through market-oriented behavior, owing to their factor endowment, information, and social resource advantages (Zhou et al., 2023; Zhou, 2021). He (2022) noted that the significant income generated by some groups through industrial assistance provided other farmers with knowledge, technology, and opportunities to replicate production and industrial management techniques. This also stimulated the production enthusiasm and creativity of other farmers, leading to an increase in the momentum of indigenous growth. However, as the impact of industrial aid decreases, the incentive effect of industrial aid on groups not directly associated with industrial support ventures also diminishes, resulting in a decrease in the indirect income-generating effect of industrial support. Therefore, considering both direct and indirect effects, this study proposed the following hypothesis:

 Hypothesis 1: Compared to not including vulnerable groups in the industrial assistance program, the level of income decreases as the proportion of vulnerable groups increases.





2.2.2 Theoretical framework for analyzing the impact of various beneficiaries on income distribution

The impact of industrial assistance on income inequality can be comprehensively analyzed in terms of both direct and indirect effects.

In terms of the direct impact, if the proportion of vulnerable groups is minimal, industrial aid will financially benefit relatively affluent groups, exacerbating the wealth gap. However, if the proportion of disadvantaged groups increases, the proportion of relatively poor individuals among direct beneficiaries also increases, resulting in a decrease in the wealth disparity between the more and less affluent.

Regarding the indirect effects, as the share of the low human capital group increases, the impact of industrial assistance decreases, and the spillover effect is further reduced because of insufficient human capital. The group with lower levels of human capital lacks sufficient endogenous growth momentum (Benabou and Tirole, 2006; Lucas, 1988) and has limited factor endowment, meaning that the group with a higher endowment of human capital is better equipped to benefit from the spillover effect of industrial support (Zhou, 2021). Therefore, as the proportion of low-skilled workers increases and the indirect benefits of industry support decreases, the capacity of the factor endowment group to produce income slows and the income gap widens.

Considering the interdependence of the direct and indirect effects of manufacturing support programs, this study presents the following hypotheses:


Hypothesis 2: Compared to not including vulnerable groups in the industrial assistance program, the level of income inequality decreases as the proportion of vulnerable groups increases.
 

Furthermore, the combination of Hypotheses 1 and 2 indicates that a smaller proportion of individuals with low human capital in an industrial aid project leads to a larger income gap impact. Conversely, a greater proportion of individuals with low human capital reduces the income gap and has a less substantial effect on income. Therefore, this study proposed expanding the scope of the industrial support program to include groups with high human capital while controlling the proportion to balance the objectives of increasing income and reducing income inequality (see Figure 1).
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FIGURE 1
 Logical relationship diagram.





2.3 Data, variables, and model specifications


2.3.1 Data sources

The data used in this study derived from four rounds of continuous research on the implementation status of poverty alleviation in Yunnan Province conducted by a group from the Nanjing University of Posts and Telecommunications from 2017 to 2020. The research covered nine prefectures and 10 counties in Yunnan Province: Diqing Tibetan Autonomous Prefecture (Deqin County), Qujing City (Huize County), Pu′er City (Lancang County and Zhenyuan Yi, Hani and Lahu Autonomous County), Dehong Dai and Jingpo Autonomous Prefecture (Longchuan County), Dali Baizu Autonomous Prefecture (Nanjian Yi Autonomous County), Honghe Hani and Yi Autonomous Prefecture (Pingbian Miao Autonomous Prefecture), Wenshan Zhuang and Miao Autonomous Prefecture (Yanshan County), Lijiang City (Yongsheng County), and Zhaotong City (Zhenxiong County). These 10 counties are deeply poverty-stricken counties, minority autonomous counties, and ethnic concentration areas, with populations ranging from tens of thousands (Deqin County) to millions (Zhenxiong County). Therefore, the research sample reflects the complex situation in Yunnan Province (see Figure 2).
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FIGURE 2
 Research area.


In the field survey, the research team employed a stratified random sampling method to select two villages in each county based on their economic conditions, resulting in 20 sample villages. Subsequently, 45–55 farm households were randomly selected from each sample village, with the intention of interviewing 1,000 households annually. Household questionnaires were used to conduct follow-up surveys on farm households from 2017 to 2020. The acquired data provided considerable insight into the conditions faced by farm households in 2020. Given that some farm households moved or merged during the research process, only 740 farm households completed the four-year continuous follow-up survey, representing about 72% of the sample size in the initial year. The questionnaire pertained to household demographics, basic household information, land rights and industrial management, housing and living facilities, education and support, health and medical care, economic status, and satisfaction (Table 1).



TABLE 1 Distribution of survey samples in each prefecture of Yunnan province over from 2017 to 2020.
[image: Table displaying five-year data from 2017 to 2020 for various districts including Lijiang city, Dali Baizu autonomous prefecture, and others. Each district lists annual figures, with totals provided for each year and district. Overall total is four thousand forty-nine.]



2.3.2 Econometric model specifications

This study used a panel regression model (Jin et al., 2018; Liu and Cheng, 2022) and conducted a Hausman test to determine whether a panel fixed effects model or random effects model was appropriate (Bell and Jones, 2015). Aligned with the theoretical analysis framework, this study established income and income inequality indicators to investigate the varying effects of different industrial assistance levels on farm household income and income inequality. Equation 1 outlines the econometric model:

[image: Equation showing: Target subscript i equals C plus beta subscript 1 times Ratio subscript it plus alpha times Control subscript it plus v subscript i plus mu subscript it, labeled as equation 1.]

where i indicates respondent i; t represents the period; Targei corresponds to the income or income fluidity indicator of respondent i; Ratioi is the core independent variable, indicating the percentage of poor households among those targeted for industrial poverty alleviation; Controlit represents other factors that affect the dependent variable over time, including individual and household characteristics; [image: The Greek letter alpha in lowercase.] and [image: Greek letter beta symbol, represented as a lowercase slanted loop with an elongated tail, commonly used in mathematics and science to denote variables or coefficients.] are the corresponding coefficients to be estimated; and [image: Lowercase Greek letter nu.] and [image: μ, the Greek letter mu, often represents the micro- prefix or the arithmetic mean in mathematics and science.] are the disturbance terms. In this context, the unobserved random ν variable is the intercept term representing individual heterogeneity, while the disturbance term μ varies across individuals and time. If the disturbance term ν is correlated with any explanatory variable, the model is classified as a fixed effects model. However, if ν is uncorrelated with all explanatory variables, the model is considered a random effects model. This study will further conduct tests based on the data to determine whether a random effects or fixed effects model should be employed.



2.3.3 Variable selection

First, this study combined existing relevant studies and research questionnaire questions to select the logarithm of annual per capita household disposable income and the income mobility index to measure income and income inequality, respectively (Fields and Ok, 1999; Zhou, 2021). To assess each participant’s household income mobility status, we categorized households into 100 equitably sized groups based on income. Income fluidity was measured by calculating the difference in the group to which the household belonged from 1 year to the next. If the household income fell into a lower income group during the present period compared to the previous period, it was considered as flowing downwards and assigned a score of −1. If the income shifted to a higher-income group, it was assigned a score of 1. A household was assigned a score of 0 if it remained in the same income group. Zhou (2021) proposed this method. For the vulnerable human capital group, an upward income trend implies a narrowing of the income gap between farm households. To conduct robustness analyses of the impact of industrial assistance recipients on income inequality, this study used the village Gini coefficient as an explanatory variable and controlled for village-level structural characteristics using village questionnaire information (Xiao et al., 2022; Xiao et al., 2023).

Second, the proportion of low-income households within the industrial target group in each village was used to indicate the percentage of vulnerable human capital groups in the industrial target group. Among those interviewed, some households were on the margins with incomes slightly above the poverty line; however, they were not regarded as meeting the poverty criteria. However, they face higher risk of returning to poverty if unfavorable shocks occur (Li et al., 2016; Si, 2020). Yunnan Province released relevant documentation in both 2019 and 2020, which clarified the standards for marginal households and explained their individual circumstances1. Therefore, this study utilized various definitions for low human capital groups: (1) groups below the poverty line; (2) both households beneath poverty criteria and marginal households as low human capital groups. Two distinct techniques were implemented to analyze the differing effects of either including or excluding marginal households as low human capital groups, thereby establishing a basis for future policy development.

Similarly, with reference to existing studies (Liu et al., 2021; Zhou, 2021), we introduced relevant variables that affect income and income inequality, such as household, family, and village characteristics, as shown in Table 2. Given that this study’s research area directly concerns DESEG, their distinctive ethnic cultures and traditions may affect income and income inequality (Mushinski and Pickering, 2000). Hence, this study incorporated the variable of whether the householder belongs to the DESEG. Specifically, this study considered Hani, Lisu, Lahu, Wa, Yao, Jingpo, Nu, De’ang, Jinuo, Brown, and Dulong ethnic minorities as DESEG, based on existing research by Lan (2019).



TABLE 2 Descriptive statistics for variables.
[image: Table displaying various socioeconomic variables with definitions, number of observations (Obs), mean values, and standard deviations (Std. Dev.). Variables include income, poverty indices, demographics, education level, health status, household size, labor ratios, and infrastructure satisfaction. Data sample sizes vary, with explanations for certain missing figures noted below the table.]





3 Empirical analysis results


3.1 Regression results for the impact of industrial assistance targets on income

The results of Equation 1 are displayed in Table 3. The main independent variables, “Industrypoverty” and “Industrymarginal” have a noteworthy adverse effect on the annual per capita disposable income of farm households. This indicates that as the proportion of vulnerable households among industrial assistance recipients in the surveyed village increases, the annual per capita disposable income of the surveyed households decreases. Thus, Hypothesis 1 was supported. The reduction in annual per capita disposable income among respondents’ households may be attributed to the increase in low human capital among industrial assistance recipients, which weakens the direct and indirect effects of such assistance on augmenting income. Human capital, including the internal forces driving development and potential development capacity, is an important factor influencing the effects of industrial assistance (Wang and Hu, 2019). Owing to the relatively lower human capital of households listed in the poverty registration system, as the proportion of this group increases, the direct income generation effect of industrial assistance is gradually reduced, and the indirect income generation effect brought about by the demonstration effect is further weakened. Wang and Hu (2019) found that low-income groups are marginalized by industrial support because of their limited education and skills, as well as their reluctance to take out loans. Consequently, these groups can access only regular dividends from the village’s collective economy, which negatively affects the effectiveness of industrial support.



TABLE 3 Impact of different industrial help recipients on rural household welfare.
[image: Regression table comparing two groups: poverty households and poverty and marginal households. Both regressions use Ln(income) as the dependent variable. Key variables include Industry, HHethnic, HHgender, HHAge, and Infrastructure. Significant coefficients are marked with asterisks. Regression 1: Industry\(_{\text{poverty}}\) shows -0.791***, Size 0.104**, Lhealth 0.276**, Lnmedical -0.029***, Infrastructure -0.162***, with a constant of 7.077***. Regression 2: Industry\(_{\text{marginal}}\) shows -1.497***, Infrastructure -0.139***, with a constant of 8.636**. Standard errors are in parentheses. Statistical significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.]

From the estimation findings of the control variables, it is evident that “Lnmedical” and “Infrastructure” are significant factors impacting the respondents’ annual per capita disposable income, with relatively robust results. The coefficient of “Lnmedical” shows a significant negative correlation, which aligns with previous research (Huang, 2017), as healthcare expenses reflect medical risks faced by households, ultimately causing their income to decrease (Huang, 2017). The “Infrastructure” variable exhibits a marked inverse correlation. This implies that as satisfaction with the condition of village roads decreases, per capita disposable income also decreases. This finding aligns with the notion that rural regions characterized by increased investment in infrastructure may experience greater gains from industrial expansion (Zhou, 2021). The per capita annual disposable income is positively affected by“Lhealth,“as the health of poor households directly affects their ability to participate in labor production, which in turn affects the effectiveness of family participation in industrial support (Wang and Hu, 2019). The findings of this study do not reveal a conclusive correlation between farm household income and household size (or the age of the labor force). Regarding household size, there are two potential explanations. First, an increase in household size directly corresponds to an increase in the number of workers and thus a rise in total household income. Second, as household size increases, the population burden rate may also increase. Additionally, with regards to the age of the workforce, although experience may increase as the workforce ages (Taylor, 1975), there is also the potential for a decrease in the ability to acquire new knowledge (Mazzonna and Peracchi, 2012).



3.2 Regression results for the impact of industrial assistance targets on income distribution

To examine the impact of industrial assistance recipients on income inequality, this study drew from existing research (Zhou, 2021), focusing on the relatively poor group, taking income fluidity as the dependent variable, and conducting empirical analyses. The corresponding regression results are shown in Table 4. The estimation findings show that the coefficient of the proportion of low human capital groups among industrial assistance recipients is significantly positive. This result remains consistent and robust regardless of whether marginal households - those who recently emerged from poverty but are still economically vulnerable - are considered low human capital groups. This finding indicates that, as the proportion of vulnerable groups among industrial assistance recipients increases, the probability of upward income mobility for the relatively poor group increases, and the income gap tends to decrease significantly, which confirms Hypothesis 2. There are two possible reasons for this decrease in the income inequality gap. First, the direct effect: As the proportion of individuals with limited human capital in the targeted group of industrial assistance increases, so does the proportion of the relatively poor group in the group of direct beneficiaries, leading to an improvement in the gap between the rich and poor. Second, when indirect effects are considered, individuals with lower human capital exhibit insufficient internal drivers of development (Benabou and Tirole, 2006; Lucas, 1988) and possess comparatively inferior factor endowments compared to those with higher human capital. Thus, individuals with higher levels of human capital are more likely to benefit from the spillover effects of industrial assistance projects. Consequently, when the proportion of the lower human capital groups increases, the indirect effects of industrial assistance decrease, the income-generating effects of individuals with higher human capital slow, and the income gap narrows.



TABLE 4 Impact of different industrial help recipients on rural household income distribution.
[image: Regression results table showing coefficients for two groups: poverty households and poverty and marginal households. The dependent variable is Index_mobility. Coefficients and standard errors are listed for variables such as Industry, HHethic, HHealth, and Infrastructure. Significant coefficients are marked with asterisks. Observations for Regression 3 are 204, and for Regression 4, 190. Probabilities for Hausman tests are 0.0173 and 0.2844, respectively.]

The outcomes displayed in Table 4 demonstrate that “size” and “infrastructure” have a significant negative impact on income fluidity. A possible cause of increased income inequality could be the greater burden of the population caused by larger household sizes (Tang et al., 2021). Given that the scores increase as the respondents become less satisfied with road conditions, our results suggest that improved transport infrastructure reduces intra-rural income inequality, as expected. Moreover, Xiao et al. (2022) showed that rural infrastructure generally promotes higher income levels for rural Chinese residents, especially for low-income groups, implying that infrastructure also improves income distribution in rural areas.

The Gini coefficient is another significant metric used to evaluate income inequality (Jia et al., 2017). To provide a more comprehensive analysis of the findings, this study utilized previous research and selected village characteristic-related variables as control variables to examine the effects of industrial assistance recipients on intra-village income inequality (Xiao et al., 2022). The results in Table 5 show that an increase in the share of vulnerable human capital in the industrial assistance program reduces intra-village income inequality, for which the results are robust.



TABLE 5 The impact of different industrial help recipients on rural household income distribution (robustness test).
[image: A table comparing regressions 5 and 6 for different household groups with Gini as the dependent variable. Regression 5 (poverty household) shows an Industry coefficient of 0.050 with 0.010 standard error, constant at 0.328. Regression 6 (poverty and marginal household) has an Industry coefficient of 0.065 with 0.010 standard error, constant at 0.323. Both regressions have 80 observations and 20 cross-sectional observations. R-squared within, between, and overall values for Regression 5 are 0.0059, 0.0249, and 0.0141; for Regression 6, they are 0.0119, 0.0257, and 0.0189. Hausman test results have a probability of chi-squared equals 0.0000. Standard errors are reported in parentheses. Significance levels are denoted by asterisks.]



3.3 Selection of industrial assistance targets

The study’s findings demonstrate that an increase in the proportion of low human capital groups in the industrial assistance target leads to a reduction in farm household income, but an improvement in income inequality. Therefore, it is necessary to consider the appropriate proportion of groups with low human capital to achieve the dual objectives of simultaneously reducing income inequality and improving income. Considering the differences in the units and orders of magnitude between the income fluidity index and income indicators, it is necessary to first make the indicators dimensionless before the inclusive assessment so that they can be comprehensively analyzed (Yang et al., 2017). Dimensionlessness is similar to mathematical mapping, in which it is hoped that the mapping function will constrain the variables in the interval between 0 and 1 (Conejo, 2021). Linear dimensionless methods such as polarization and normalization preserve the correlation between variables (Yang et al., 2022). However, owing to the existence of negative income fluidity values, polarization is more suitable. Therefore, this study adopted polarization to address these variables.

[image: Formula for normalizing data: \( X'_{ij} = \frac{x_{ij} - \min_{1 \leq i \leq m} x_{ij}}{\max_{1 \leq i \leq m} x_{ij} - \min_{1 \leq i \leq m} x_{ij}} \), labeled as equation (2).]

Using Stata 16.0 software, this study illustrated the correlations between the ratios of low human capital groups supported by industry, income, and income inequality. Our result shows that the two correlated lines intersect at approximately 0.5. As the difference between the maximum and minimum values of the proportion of disadvantaged human capital groups is 1, it can be inverted using Equation 2, leading to a proportion of vulnerable human capital groups of approximately 0.5. This suggests that when the line for the income mobility indicator intersects with the line for income fitting at 0.5, the income and percentage rate of income distribution are almost equivalent. If the range is wider, industrial aid is more effective in reducing income disparity, but the impact of income growth is reduced. If the range is narrow, the effect of industrial aid on income growth becomes more prominent. However, the potential to reduce the income gap among farming households is lower. Therefore, when the proportion of individuals with low human capital is 0.5, it may be appropriate to pursue both objectives of narrowing the income gap and raising income. Similarly, if the low human capital group includes marginal households that have recently left poverty but remain economically vulnerable, a ratio of approximately 0.65 may accomplish both the aims of reducing the income gap and enhancing income. Compared to households that still live in poverty, marginal households have already lifted themselves out of poverty and their human capital is relatively high; therefore, the effect of industrial assistance is slightly better, which may be a possible reason for the increase in the appropriate ratio of this group to the industrial assistance target after including marginal households.




4 Conclusions and policy implications

This study examined the impact of different industrial assistance target groups on farm household income and income inequality in Yunnan Province using longitudinal data from 2017 to 2020. The panel regression model and normalization approach supported the research hypotheses. The findings reveal that the income and inequality levels of farm households depend on industrial assistance targets. If the proportion of industrial aid beneficiaries from high human capital groups increases, farm household income rises, as does income inequality, in contrast to when industrial aid resources are solely directed toward low human capital groups. Additionally, it may be appropriate to allocate approximately 50% of the recipients of industrial support to disadvantaged groups with low levels of human capital to increase income and reduce industrial support inequality, provided that marginal households - those who have recently left poverty but are still economically vulnerable - are not included in the disadvantaged group. If marginal households are included, the percentage increases accordingly.

The study findings elucidate the varying effects of different industrial assistance targets on income and income inequality. It provides a new analytical framework for analyzing the causes of constraints on the effectiveness of industrial assistance and a basis for decision-making to promote the synergistic goals of increasing income and reducing income inequality in industrial assistance. Based on these results, the following policy recommendations are proposed:

Industrial development should focus on the able person in the villages and include an appropriate share of “capable people.”Lower-income groups lag behind the societal average in their ability to adopt new technologies and potential for self-sufficient development. To establish the impact of poverty alleviation and change the perspective on dependence on long-term financial aid, it is necessary to integrate able persons willing to participate in industrial development into industrial assistance projects. This will have a demonstrable impact on neighboring villagers and address the problem of inadequate motivation within households that have escaped poverty.

However, as the share of vulnerable human capital decreases, the income effect of industrial assistance increases, and income inequality within households increases. Hence, prioritizing the economic advantages of industrial support alone would oppose the objective of promoting common prosperity. In relation to the survey area covered in this study, the author concluded, based on empirical analysis, that 50% of industrial assistance should be targeted at able persons, provided that marginal households - those that have recently emerged from poverty but remain economically vulnerable - are not low in human capital. This approach achieves the dual objectives of increasing income and reducing the disparity of industrial aid. If marginal households are also regarded as comprising individuals with low human capital, this percentage can further decrease.

The findings of this study enrich the research in the relevant field, providing policymakers with both theoretical foundations and practical insights. However, there are some limitations that warrant further exploration in future studies.

First, the data used in this study were collected solely from Yunnan Province. While the data have a certain level of representativeness, differences in regional economic development and policy implementation mean that the applicability of the findings to other regions in China requires further investigation. Future studies should expand the data scope to cover more regions, thereby enhancing the generalizability of the conclusions. Second, this study mainly focused on the performance differences of heterogeneous groups in industrial assistance, but it did not delve into the differential impacts of specific industry types on various groups. Future research could explore the effects of different types of industries in order to provide more precise policy recommendations.

In summary, despite some limitations, this study offers practical insights into optimizing industrial assistance policies from a novel perspective—namely, the scope of target beneficiaries. Future research can extend and deepen the analysis by considering a broader geographical range and exploring more detailed industry types.
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Footnotes

1   See the Implementation Programme for the Dynamic Management of Poverty Alleviation Objects in Yunnan Province for 2019 and the Implementation Methodology for the Establishment of a Monitoring and Support Mechanism to Prevent the Return to Poverty.
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Introduction: The vulnerability of transnational supply of agricultural products has become one of key factors affecting food security at the global scale.
Methods: This study applies the social network analysis method for systematic exploration of the evolution of the international agricultural trade dependence network (TDN) from the perspective of vulnerability. First, agricultural industries that are highly vulnerable in international trade are identified. Then, a network visualization model is constructed for systematic analysis of the evolution of topological structure of the global TDN of highly vulnerable agricultural products. Finally, a temporal exponential random graph model (TERGM) and its separated formation model and dissolution (persistence) model (STERGM) are established for quantitative assessment of the impact of abrupt changes in the economic and trade environment on the TDN of highly vulnerable agricultural products in the period 2018–2020.
Results and discussion: The research results show that the highly vulnerable industries in the international agricultural trade are distributed in a wide range, concentrating mainly in meat, animal and vegetable oils, fish and other aquatic products, fruits and nuts, and cereal products, and most of the products in each category is mainly supplied by only a handful of countries. The TDN of highly vulnerable agricultural products exhibits a “polycentric” development trend, that is, shifting from the network structure with a single dominant central node (USA) toward the one with multiple central nodes (USA, Malaysia, Indonesia, Brazil, the Netherlands, etc.). During the period 2018–2020, when bilateral trade frictions intensified and the COVID-19 pandemic raged, the abrupt changes in the economic and trade environment led to significant enhancement in the dependence relations in the international trade of highly vulnerable agricultural products. Such abrupt changes not only induce the trade transfer effect and promote the formation of new trade dependence relations among countries, but also increase the probability of maintaining the existing trade dependence relations. These results can provide practical guidance for preventing and mitigating transnational supply crisis and building a more secure global food guarantee system.
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1 Introduction

International trade plays an important role in ensuring world food security and eradicating hunger (Dithmer and Abdulai, 2017; Geyik et al., 2021). Statistics show that the volume of global agricultural trade has increased by more than double in the past three decades, with nearly 5.2 billion people living in food-importing countries and 23% of agricultural products circulation relying on international trade (Dupas et al., 2019). The trade links of agricultural products among countries are becoming increasingly dense, forming an intricate trade dependence network (TDN). This TDN is conducive to correcting the worldwide geographical imbalance in the demand and supply of agricultural products; however, it also amplifies the impact of supply risk caused by unstable factors in the economic and trade environment (Friis and Nielsen, 2019; WTO, 2021a). Under the influence of bilateral trade frictions, COVID-19 pandemic, drought, and other drastic incidents such as the Russia–Ukraine conflict, the transnational supply risk of agricultural products has spread continuously in the global TDN. A regional supply crisis can easily grow rapidly into a worldwide food crisis, leading to serious consequences such as unable to buy enough food, sharp rise of food price, and so on (Puma, 2019). Therefore, it is necessary to accurately grasp the vulnerability characteristics of the global agricultural TDN and carry out in-depth analysis of the impact of abrupt changes in the economic and trade environment on the TDN, and this is the key to balancing the relationship between international trade and world food security.

In fact, there has been a high level of concentration in global agricultural production and trade, which gives rise to vulnerability of international agricultural trade links (Blesh et al., 2019; Campi et al., 2021). Owing to the differences in the distribution of agricultural resources and investment in agricultural production, as well as the comprehensive impact of the green revolution and other political and economic factors, the differences among countries in the agricultural production trajectory and trading position still persist (Pardey et al., 2016; Choudhury and Headey, 2017). Considering grain products as an example, most countries in the world have awfully inadequate grain production capacity, in particular, Africa. These countries rely on the international food market to make up for the domestic food shortage. On the other hand, a small number of countries, such as the United States, Ukraine, and Argentina can produce huge amount of grains far exceeding their domestic need, thus they play the role of major suppliers in the international food market. As agricultural production is becoming increasingly energy and capital intensive, the international agricultural capital forces of developed economies penetrate progressively deeper into the global industrial chain of agricultural production, which further exacerbates the competition distortion in the international agricultural trade (Davis et al., 2016; Santangelo, 2018). Some studies have pointed out that many developing economies are increasingly dependent on the supply of agricultural products in the international market, and the number of their trading partner countries has been dropping continuously (Kummu et al., 2020). Notably, the concentration of global agricultural products supply has greatly aggravated the imbalance of the global trading system of agricultural products, which is especially unfavorable for developing economies with insufficient food production capacity and relatively weak trading position. Concentration of supply renders the food-importing countries more dependent on a small number of food-exporting countries, which can lead to food sovereignty crisis and bring the risk of being controlled by other countries.

Abrupt changes in the international economic and trade environment can disrupt the order of agricultural products trade and increase the volatility and risk of the international agricultural products market, which can make it difficult to maintain the agricultural trade links among countries (Puma et al., 2015; Morton, 2020). In recent years, the frequency of external shocks to the agricultural trade network has been increasing, mainly due to the increase of trade frictions, regional conflicts, extreme weather, epidemic, and other incidents. Given the rapid growth in the scale of global agricultural trade and the trend of market centralization, international agricultural trade has become more vulnerable to the impact of abrupt changes in the economic and trade environment, leading to global food supply crisis and sharp rise of food price (Cottrell et al., 2019). Anderson (2022) pointed out that the current global economic and trade environment is more unstable than that in the previous decades, which is reflected by the soaring uncertainty index of global economic policy. Under the influence of various export restriction policies of many countries, the global average annual trade volume in the 10 years prior to 2017 was less than US $200 billion; however, this figure tripled in the period 2018–2020. In fact, the average import tariff of agricultural products is higher than that of industrial products, and non-tariff export and import barriers are also more common in agricultural trade, thus international agricultural trade is more susceptible to the changes of economic policy (WTO, 2021b). Since 2018, bilateral trade disputes such as the Sino–US trade war, the trade conflicts between the United States and Europe, the trade frictions between Japan and South Korea, and Brexit have occurred one after the other, leading to significant increase in the risk in the transnational supply of agricultural products. In 2020, the COVID-19 pandemic caused clogging of cross-border trade, aggravation of trade protectionism, price hiking of agricultural products, and other problems, bringing the global agricultural supply chain to the brink of collapse. In 2022, the outbreak of the Russia–Ukraine conflict caused a sharp reduction in the grain output and trade scale in the two involved countries, making the developing economies highly dependent on grain imports during the risk of food shortages, which further exacerbated the world food insecurity. To sum up, bilateral trade frictions, COVID-19 pandemic, and other abrupt changes in the economic and trade environment have caused a heavy blow to the international agricultural trade system, and the spread of transnational supply risks is hindering the realization of the vision of “zero hunger.”

Accordingly, this study focuses on the vulnerability characteristics of international agricultural trade networks. Utilizing social network analysis, it develops indicators for measuring trade network vulnerability, aiming to identify the most vulnerable product sectors within the international agricultural trade network. Furthermore, this research employs the Temporal Exponential Random Graph Model (TERGM) along with its separable formation and dissolution (or persistence) models (STERGM) to systematically assess the impact of trade frictions (2018–2019) and the COVID-19 pandemic (2020) on the trade dependence network of highly vulnerable agricultural products, as well as the effects of related endogenous and exogenous factors during these periods of economic disruption. This research expands the application of social network analysis in the study of international trade issues, facilitating a comprehensive understanding of the problems of supply concentration and trade dependency in different types of agricultural markets. It also reveals the significant impacts that abrupt changes in the international economic and trade environment have on agricultural trade networks, addressing a gap in the existing literature regarding the vulnerability characteristics of international agricultural TDNs. This study contributes to enriching global food system sustainability strategies and provides theoretical and practical support for the formulation of strategies to mitigate cross-border supply risks for participating countries in international trade. It is particularly valuable for developing countries with high dependence on import trade that are positioned on the periphery of trade networks, offering insightful trade policy implications.



2 Literature

Research on trade networks based on social network analysis has increasingly become a focal point in the field of economics, with a growing number of scholars examining the social network characteristics present in international trade. This methodology demonstrates significant advantages in depicting the complex, multidimensional structures of trade networks among nations (Zhou et al., 2016). Serrano and Boguná (2003) were pioneers in applying social network analysis to international trade issues, constructing a global trade network system that revealed various network features of international trade, such as scale-free and small-world properties. Following their work, numerous researchers, including Garlaschelli and Loffredo (2004), Squartini et al. (2011), and Fagiolo et al. (2009), have developed global trade network models to analyze the evolutionary characteristics of national trade network topologies across different time periods and product types. Their studies highlight that the formation and evolution of global trade networks result from multiple interdependent trade relationships. Countries can actively or passively select specific trade partners, thereby forming tightly-knit sub-network systems within the broader structure of global trade. These structural characteristics not only reflect cooperation patterns among nations but also profoundly influence the modalities and effectiveness of trade collaborations (Chaney, 2014).

Current research on agricultural product trade networks predominantly employs a global or regional perspective to explore the structural characteristics and evolutionary dynamics of these networks. Studies have focused on the network positions of different countries within international agricultural trade, the density of connections between nations, and the modularity of communities. These studies underscore the important roles played by social, economic, and geographical factors in shaping trade network structures. Gephart and Pace (2015) applied social network analysis to study the structural evolution of seafood trade networks, revealing that Thailand and China have been increasing their influence in the global seafood trade network, while the density of trade links within the region has been steadily deepening. Torreggiani et al. (2018) used community detection algorithms to analyze the global high-calorie food trade network, finding that its complex, multi-layered structure is defined by tightly connected, heterogeneous trade relationships, with social, economic, and geographical factors influencing whether countries belong to the same community. Silvestrini et al. (2023) found that global caloric trade relations and exchange intensity have steadily increased, with the densest networks concentrated among upper-middle and high-income countries, leading to significantly higher per capita daily calorie supplies, while low-and lower-middle-income countries are on the periphery, facing relatively insufficient calorie supplies. Additionally, Dupas et al. (2019) highlighted the significant contributions of three subnetwork systems—core, transient, and intermediary networks—to the overall evolution of the food trade network structure.

The evolution of the global agricultural product trade network structure is neither chaotic nor random; instead, it is systematically shaped by a complex interplay of endogenous and exogenous factors, including political, economic, cultural, and trade choices. Consequently, examining the mechanisms that drive the dynamic evolution of trade network connections from a network perspective is crucial. This analysis aids in elucidating the general patterns governing the evolution of complex agricultural trade networks, thereby enabling more accurate predictions regarding potential internal and external shocks (Helbing, 2013; Mangnus and Vellema, 2019). Social network analysis is instrumental in clarifying the system’s complex characteristics, enhancing our understanding of the contagious and destructive dynamics associated with food crises or trade risks within such systems (Dueñas et al., 2021). Research has demonstrated that the tight interdependencies among countries within the international food trade network present both advantages and risks, with low-income nations being particularly vulnerable to import shortages when facing external shocks (Distefano et al., 2018). Although a diversified network structure can mitigate these impacts, the concentration of trade flows in a limited number of countries can lead to increased network vulnerability (Sartori and Schiavo, 2015). The intricate interdependencies among nations amplify the transmission effects of food crises, analogous to regional input–output and financial networks. In trade networks, the propagation and escalation of supply risks are significantly influenced by the complexity of connections among country nodes, which complicates the assessment of external shocks (Burkholz et al., 2018; Burkholz and Schweitzer, 2019). Core exporting countries exert significant influence within the global trade network, and disruptions to their exports can trigger supply crises in nations with complex trade linkages to them (Braun et al., 2023). The network structure determines the risk-bearing capacity of national nodes in response to external shocks, such as changes in the trade environment, with higher centrality and community modularity enhancing the resilience and stability of trade relations (Dolfing et al., 2019; Liu et al., 2023). Differences in the integration efficiency and resilience of trade networks for various agricultural product categories result in varying capacities to withstand risks from adverse events such as the COVID-19 pandemic, geopolitical tensions, and climate change (Hedlund et al., 2022; Alhussam et al., 2023; Li et al., 2024).

Recent advancements in social network analysis methods provide a more comprehensive and intuitive representation of complex trade relationships among countries. However, these methods do not effectively assess the formation mechanisms and influencing factors of international trade networks, leading to certain limitations in their practical application to trade issues. As a result of the interdisciplinary integration of statistical theory and sociological research, the Exponential Random Graph Model (ERGM) has emerged as a valuable tool for investigating social and economic network problems, extending its application into the realm of international trade research. In contrast to traditional social network analysis, which relies on indicator-based metrics and visualization techniques, the ERGM facilitates statistical inference of the relationships between individual nodes within the trade network through specific numerical representations. This model overcomes the constraints posed by network data that do not conform to the “independence assumption,” allowing for a flexible exploration of both endogenous and exogenous mechanisms driving the evolution of network topologies. Thus, it addresses the limitations of conventional descriptive statistical analyses of social network structures (Goodreau et al., 2008; Handcock et al., 2008). The ERGM has seen extensive application in analyzing the formation and evolution of trade and investment networks among countries and economic entities (Smith et al., 2019; Gutiérrez-Moya et al., 2020).

The Exponential Random Graph Model (ERGM) is limited by its ability to process only static cross-sectional data, rendering it ineffective in assessing the dynamic evolution of network structures. To overcome this limitation, Hanneke et al. (2010) proposed the Temporal Exponential Random Graph Model (TERGM), which retains the strengths of ERGM while incorporating a temporal dimension that allows for the analysis of changes in network relationships over time. In dynamic network relationship analysis, the evolution of network topology can be decomposed into the formation of new relationships and the dissolution or persistence of existing ones. Since the mechanisms driving these two types of structural changes differ, some scholars have extended the TERGM model to introduce the Separable Temporal Exponential Random Graph Model (STERGM). This model generates separate equations for formation and dissolution (or persistence) to estimate two sets of influencing parameters, significantly enhancing the interpretability and flexibility of the model’s parameter estimates (Krivitsky and Handcock, 2014; Graif et al., 2017; Leifeld et al., 2018). The application of these models allows for a more detailed analysis of dynamic network topology, providing critical theoretical tools for investigating the long-term evolution of international trade networks and their response mechanisms to external shocks (Fritz et al., 2020). Some scholars use this method to quantitatively analyze the endogenous and exogenous driving mechanisms of the dynamic evolution of trade networks, revealing the structural characteristics of trade networks and the impact of external factors, such as policy uncertainty, on the complex relationships within international trade networks (Lebacher et al., 2021; Zhu and Huang, 2023).

A comprehensive review of the literature reveals that existing research primarily focuses on the macro-topological characteristics of agricultural product trade networks, exploring the formation mechanisms and evolutionary trends of global or regional trade networks and specific product trade networks. A few scholars have paid attention to the vulnerability characteristics of international agricultural product trade networks, using network statistical modeling to analyze the transmissibility and riskiness of trade shocks. Unfortunately, current studies have limited understanding of the vulnerability of international agricultural product network relationships and the propagation of network influence. On one hand, they fail to consider the transnational supply vulnerability of different agricultural product industries and the intensity of trade dependence between countries, lacking an analysis of the evolution of TDNs structures for products with a high degree of transnational supply vulnerability. On the other hand, existing research has not delved into the impact of sudden changes in the external economic and trade environment on agricultural product TDN, with a lack of related quantitative studies.

This study aims to fill the abovementioned research gap. The main contributions of this study are as follows: First, several indicators of agricultural trade vulnerability are constructed based on complex network analysis to effectively measure the supply risks caused by changes in core trade participants, market concentration trend, and trade substitution, making it easy to identify the industries of most vulnerable products in the global agricultural trade network. Second, the global TDN of highly vulnerable agricultural products is constructed based on the measurement by using the national trade dependence indicators, and the formation and evolution of the network topology are elucidated comprehensively, which fills the gap in the knowledge about the structure of TDNs of highly vulnerable agricultural products left by the existing studies. Third, the endogenous and exogenous factors affecting the evolution of the network topology are incorporated into a unified empirical research framework by using a temporal exponential random graph model (TERGM) and its separated formation model and dissolution (or persistence) model (STERGMs). Furthermore, the impact of the relevant endogenous and exogenous factors on the global TDN of highly vulnerable agricultural products during the selected period of abrupt changes in the economic and trade environment (2018–2020) is systematically assessed.



3 Methodology


3.1 Vulnerability measurement on global-product trade level

Early indicators related to international trade vulnerability predominantly relied on market concentration metrics, such as Trade Dependence (Brown, 1940), Trade Intensity Index (Frankel, 1997), Hirschman–Herfindahl Index (HM Index) (Baldwin, 2009), and Revealed Comparative Trade Advantage Index (Iapadre and Tironi, 2009). These metrics suggest that the higher the concentration of a country’s import sources, the greater the likelihood of negative impacts. However, traditional market concentration metrics, based on bilateral trade calculations, do not account for the networked structure of international trade relations. Fundamentally, trade relations between countries depend not only on one trading party but also on the indirect effects of the external overall trade supply environment within the trade network structure. This includes risks brought about by network characteristics such as core participants, clustering trends, and international trade substitutability.

In light of this, this study adopts the measurement approach of Korniyenko et al. (2017), integrating social network analysis into the vulnerability research of international trade networks. This method effectively measures the supply risks caused by sudden changes in core trade participants for different types of agricultural product trades. Consequently, it helps identify the most vulnerable industry types within the international agricultural product trade network. First, the centrality index [image: Mathematical expression displaying the variable \( c_{ik}t \), where \( c \), \( i \), and \( k \) are likely subscripts or indices, followed by the variable \( t \).] of the country’s export agricultural products is calculated. The calculation formula is given in Equation 1:

[image: Mathematical equation showing \( c_{ikt} = \sum_{j \neq i}^{N_{kt} - 1} \frac{q_{jikt}}{\sum_{l} q_{jlikt} / N_{jkt}} \), labeled as equation \( (1) \).]

where [image: It seems there was an issue with uploading the image. Please try uploading it again or ensure the URL is correct. You can also add a caption for additional context.] is the exporting country, j is the importing country, [image: Please upload the image or provide a URL, and I will be happy to generate the alternate text for it.] denotes the third party country, [image: It seems there is an issue with the upload or description. Please try uploading the image again, or provide a URL or description for the image you would like analyzed.] is the specific agricultural product, [image: The text "q_jikt" is shown in italicized font with the subscript "jikt".] represents the trade volume of product [image: I'm sorry, it looks like there's no image attached. Please upload the image you want to include, and I will create the alternate text for it.] exported from country [image: Please upload the image or provide a URL to generate the alternate text. Optionally, you can add a caption for additional context.] to country [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL. If you have any additional context or a caption, feel free to include that as well.] in year [image: Mathematical notation of the letter 't' in italics, commonly used to represent a variable or element in equations or expressions.], [image: Lowercase letter "q" followed by subscript letters "jlkt".] is the trade volume of product [image: Sorry, I cannot view the image. Could you please provide a description or upload the image again?] exported from the third party country [image: Please provide an image or a URL so I can generate the alternate text for you.] to country [image: Please upload the image or provide a URL so I can generate the alternate text for you.] in year [image: Lowercase italic letter "t" in a serif font on a white background.], [image: Stylized mathematical expression "N" with subscript "jkt".] is the total number of the countries of origin of product [image: If you need alt text for an image, please upload the image or provide a URL. You can also add a caption for context.] imported by country [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] in year [image: Lowercase italic letter "t" with slight blurring, showing in black against a white background.], and [image: Mathematical notation showing "N" with subscripts "j" and "t".] denotes the total number of importing countries of product [image: A lowercase, italic letter "k" is shown.].

Then, the centrality variation index [image: Mathematical notation "v" subscript "kt" in italics.] of agricultural product [image: It looks like there was an issue with displaying the image. Could you please try uploading it again?], i.e., the standard deviation of the centrality index of the agricultural products exported by all countries is calculated. The calculation formula is given in Equation 2:

[image: Mathematical formula for \( v_{kt} \) equals the square root of the sum of squared differences of \( c_{ikt} \) and \( \bar{c}_{kt} \), divided by \( N_{kt-1} \).]

where [image: Mathematical expression showing a variable \( c_{kt} \) with a bar over it, indicating an average or mean value.] is the average [image: Mathematical notation showing the term "c" with subscript "i", "k", and "t".] values of all countries. The identification of highly vulnerable agricultural products is based on the degree of the centrality variation index [image: A mathematical symbol representing "v" with subscript "k" and "t", often used in equations or scientific notations.]. A higher index value indicates that the source countries for the trade of these products are concentrated among a limited number of core suppliers, which consequently elevates the potential risks associated with the trade network for those products. This study employs the polarization selection standard proposed by Korniyenko et al. (2017), that is, the product samples with a [image: The image shows the mathematical expression "v subscript k t", representing a variable with subscripts k and t.] value above 75% quantile are designated as highly vulnerable products in the trade network.



3.2 Construction of agricultural product TDN based on social network analysis


3.2.1 Value determination of national trade dependence indicators

After identifying the highly vulnerable agricultural products, we proceeded to measure the dependence intensity among countries in the trade of highly vulnerable agricultural products. The trade dependence intensity between two countries in the trade network is not merely determined by the direct trade links between them, it is also affected significantly by the alternative trade between these two countries, that is, the “third party effect.” For example, China’s import of soybeans from Brazil accounted for 53% of the country’s total soybean import in 2017. This figure climbed to 75% in 2018 as a result of continuous escalation of Sino–US trade friction, which indicates that the dependence degree of soybean trade between China and Brazil can be indirectly affected by the third-party effect (in this case, USA is the third party). In view of the third-party effect, the methods proposed by Casciaro and Piskorski (2005) and Xia (2011) were used in this study to construct national trade dependence indicator, considering market centralization and trade substitution in the trade network. The calculation formula is given in Equation 3:

[image: Equation showing \( td_{ij} = c_{ij}^2 \left( \frac{H_{cj}}{H_{vi}} \right) \) labeled as equation number three.]

where [image: Italicized lowercase letters "td" with subscript "ij".] is the degree of dependence between country i and country j in the trade of highly vulnerable agricultural products, that is, the import dependence index [image: Mathematical notation displaying "t d" with the "i j" as subscript.] of country j with respect to country i; [image: Mathematical notation showing \( c_{ij}^2 \).] indicates the share of import trade, that is, the proportion of the highly vulnerable agricultural products exported from country i to country j in the total quantity of highly vulnerable agricultural products imported by country j; [image: The image shows the mathematical notation \( H_{cj} \), with the subscript "cj".] denotes the import concentration degree of highly vulnerable agricultural products of country j; and [image: The image shows the mathematical notation "H" with a subscript "v" and "i".] is the import concentration degree of highly vulnerable agricultural products of country i.The calculation method of [image: Italicized letter "H" with subscript "cj".] and [image: Mathematical notation showing "H" with subscript "vi".] is derived from the calculation method of Hufendar–Heshman (HHI) index. The calculation formula is expressed is given in Equations 4, 5:

[image: Mathematical formula for H sub-script vj is shown. It is a complex fraction with the numerator containing the square root of the sum from k equals 1 to m of the square of the ratio q sub-script jk over q sub-script j, minus the square root of 1 over m. The denominator is 1 minus the square root of 1 over m. This equation is labeled as number 4.]

[image: Mathematical formula for index \(H_{ci}\): \(H_{ci} = \frac{\sqrt{\sum_{k=1}^{n} \left(\frac{q_{ki}}{q_{i}}\right)^{2}} - \sqrt{\frac{1}{n}}}{1-\sqrt{\frac{1}{n}}}\). Equation number five.]

where [image: Lowercase letter "m" in italics.] is the total number of countries of origin from where country j imports highly vulnerable agricultural products, and n is the total number of destination countries to which country i exports highly vulnerable agricultural products. Clearly, [image: Italicized lowercase letters "t" and "d" followed by subscript "i" and "j".] is proportional to [image: Mathematical notation showing \( c_{ij}^2 \).] and [image: Italicized capital letter H with the subscript "c j".], and is inversely proportional to [image: The image shows the mathematical notation "H" with a subscript "vi".].



3.2.2 Construction of TDN of highly vulnerable agricultural products

Based on the abovementioned method of determining the value of national trade dependence index [image: Italicized lowercase letters "t", "d", with subscript "i" and "j".], in this study, the method of setting trade threshold was used to identify the significant dependence relations in the trade network, and then a directed binary network system of dependence relations was constructed in the trade of highly vulnerable agricultural products for identifying and comparing the complex network topology evolution of trade dependence relations among countries. The agricultural TDN system [image: The text "Network subscript id subscript i" is written in an italicized font.] is given in Equation 6:

[image: Mathematical expression showing "Network underscore td subscript t equals open parenthesis V open parenthesis E subscript t, F subscript t close parenthesis, A subscript t, W subscript t close parenthesis" followed by "(6)" on the right side.]

where [image: Mathematical expression showing V with arguments E sub t and F sub t in parentheses.] is the structure of TDN of highly vulnerable agricultural products at time [image: Lowercase italic letter "t" on a plain background.]; [image: Mathematical notation showing the letter "E" with a subscript "t".] denotes the network node set, that is, the collection of countries participating in the trade of highly vulnerable agricultural products; [image: Mathematical notation showing the letter F with a subscript t.] is the network edge set, that is, the trade dependency relation extending from country i to country j. If the dependence relation is established, then [image: Equation displaying "F sub t equals one".]; otherwise, [image: Equation showing "F sub t equals zero."]; [image: Italicized letter A with subscript t.] is the characteristic attribute of the network node, that is, the regional development attribute related to agricultural trade; and [image: Mathematical notation showing the letter "W" with a subscript "t".] denotes the weight attribute of the network edges, that is, the trade dependence degree of the country.

In order to exhibit the evolution of the network topology of the trade dependence relations of highly vulnerable agricultural products, herein, backbone extractions on the nodes and relationship edges of the network system were performed by the method of setting threshold value. First, the method proposed by De Benedictis et al. (2014) was used to screen the network nodes, with 112 countries engaged in the trade of highly vulnerable agricultural products.1 Then, the method proposed by Pan (2018) was used to extract important trade dependence relations by setting percentage threshold. Notably, there is no widely-accepted standard for setting the threshold value, different scholars set different threshold values based on the numbers of nodes and edges in the network. For example, Kali and Reyes (2010) set the threshold value to 1–2%, and Pan (2018) set the value to 2%. Considering that each country has a small number of key agricultural trading partners, in this study, the threshold value was set to 2%. The number of network edges over the years eventually obtained was about 220, which is enough to capture the important trading partners of highly vulnerable agricultural products (countries occupying the positions no. 1–4 in the ranking of trading partners in the trade network).




3.3 Construction of TERGM model and its separated model based on dynamic network analysis

As the network statistical indicators devised based on social network analysis are mainly used for static analysis of network characteristics, they cannot reveal the dynamic impact of abrupt changes in economic and trade environment on TDNs of highly vulnerable agricultural products. In view of this limitation, this study makes use of the network dynamic model to examine the evolution mechanism of trade dependence relations. The validity of traditional econometric regression model assumes that the observation objects are independent of each other. Notably, the countries in the global TDN are interdependent and their relations are influenced by the “third party effect”; therefore, it is impossible to obtain robust and unbiased estimation results by using the traditional econometric regression model (Smith et al., 2019). This problem can be solved effectively by using TERGM. TERGM allows simultaneous processing of endogenous structure of the network, the relationship between actors and the external characteristics of the network, and supports comprehensive evaluation of the endogenous and exogenous factors that affect the generation of network relations (Krivitsky and Handcock, 2014; Leifeld et al., 2018). The TERGM model devised in this study is given in Equation 7:

[image: The image displays a mathematical equation for a probability. It reads: Probability of Y-sub-t equals y-sub-t given Y-sub-t-minus-one equals y-sub-t-minus-one and theta equals one over kappa times the exponential of the sum from q equals one to q of theta-sub-q times lambda-sub-q of n, shock, e, x. Equation seven.]

where [image: Probability notation showing \(P(Y_t = y_t \mid Y_{t-1} = y_{t-1}; \theta)\), representing the conditional probability of random variable \(Y_t\) given \(Y_{t-1}\) and parameter \(\theta\).] is the existence status of trade dependence relation in the trade of highly vulnerable agricultural products (its value is 1 if dependence relation exists, and 0 if dependence does not exist); [image: Mathematical notation displaying the letter Y with a subscript t.] and [image: Mathematical expression showing the variable \( Y \) with a subscript \( t-1 \).] are the TDNs of highly vulnerable agricultural products at time [image: Lowercase letter "t" in italic font on a white background.] and time [image: Mathematical expression showing "t minus 1".] respectively, and their network structures are set to [image: Mathematical notation depicting a lowercase "y" with a subscript "t".] and [image: Mathematical expression displaying "y" with a subscript "t minus 1," representing a variable often used in equations related to time series or sequences.] respectively; [image: Lowercase Greek letter kappa, resembling a slanted "k" with a curved lower leg extending to the right.] is the normalization constant used to ensure proper probability distribution; [image: Mathematical expression displaying lambda sub q of n, shock, e, x.] is the configuration statistic unit in the network structure, in which all network edges and nodes are considered to be interdependent and play a regulatory role in the overall network structure layout; [image: Mathematical symbol of theta subscript q.] is the parameter corresponding to the variable to be estimated in [image: Mathematical expression showing lambda subscript q of variables n, shock, e, and x in parentheses.]; [image: The word "shock" in italic serif font on a white background.] is a temporal co-network variable of abrupt change in economic and trade environment; [image: Lowercase italic letter "e" on a plain background.] is an endogenous structural variable related to the generation of a series of network relations; [image: Lowercase letter "x" in a serif font on a plain background.] is the exogenous structure attribute of a series of network nodes, usually the national characteristic variable in the traditional trade gravity model. See 2.4 Variables Description for a complete description of variables.

In the dynamic network relation analysis, the evolution of network topology can be divided into two levels: one is the formation of new relations in the network structure, and the other is the dissolution or persistence of old relations in the network structure. These two types of changes in the network topology exhibit different action mechanisms, thus there are also some differences in the analysis of their influencing factors (Graif et al., 2017). In view of this difference, the practice of Krivitsky and Handcock (2014) was adopted herein to split the TERGM model into a formation model and a dissolution (or persistence) model (also known as separated TERGM or STERGM model), and these two models were used to estimate two sets of influencing parameters. With the estimated influencing parameters, the impact of the exogenous shock generated could be described by abrupt changes in the economic and trade environment on the formation of new relations and the dissolution (or persistence) of existing network relations in the TDN. TERGM is composed of the formation model and the dissolution (or persistence) model of network relations. Although these two models complement each other with the change of temporal trend, they are conditionally independent in any given year, which effectively ensures the flexibility, clarity, and interpretability of the model parameter estimation. The separation processing of TERGM model is given in Equation 8:

[image: Probability notation with three equations, showing conditional probabilities of \(Y^t\) given a previous value \(Y_{t-1}\) with parameters \(\theta\), separated into positive \(Y^+\) or negative \(Y^-\) outcomes, each with their respective parameters \(\theta^+\) and \(\theta^-\), referenced as equation (8).]

where [image: Probability function notation representing the probability of \( Y^+ \) equaling \( y^+ \) given \( Y_{t-1} \) equals \( y_{t-1} \), with parameter \( \theta^+ \).] is the existence status of the formation of new relations in the TDN; [image: Text displaying a capital "Y" with a superscript plus sign, often used in mathematical or scientific contexts to denote a positive variable or parameter.] is the formation network of trade dependence relations from time [image: The image shows the mathematical expression "t subscript minus one".] to time [image: Lowercase, italicized letter "t" on a plain background.], and its network structure is set to [image: Mathematical expression showing the variable "y" with a superscript plus sign.]. [image: Probability expression showing "Pr(Ȳ = ȳ | Yₜ₋₁ = yₜ₋₁; 𝛩̄)", representing the conditional probability of Ȳ equaling ȳ given Yₜ₋₁ equals yₜ₋₁ and parameters 𝛩̄.] is the existence status of the dissolution (or persistence) of old relations in the TDN; [image: The image depicts the mathematical expression "Y" with a superscript negative sign, indicating the inverse or negative power of the variable Y.] denotes the dissolution (or persistence) network of trade dependence relations from time [image: The image shows the mathematical expression "t minus one".] to time [image: Lowercase italic letter "t" in a serif font.], and its network structure is set to [image: Lowercase letter y with a horizontal bar above it, denoting the complement or inverse of y.]. Noteworthy, [image: Lowercase letter "y" followed by a subscript lowercase "t".] and [image: The image displays the mathematical notation "y subscript t minus 1".] can be actually captured, while [image: The superscript notation "y plus" indicating the variable "y" with a plus sign positioned as a superscript.] and [image: Lowercase letter 'y' with a horizontal line over it, indicating a mathematical symbol for the mean or average of a set of values.] can be regarded as the combined state of [image: The image shows the mathematical notation "y" with a subscript "t".] and [image: Lowercase letter "y" with subscript "t minus 1".], thus the intermediate state of network topology evolution can be determined. [image: Mathematical notation of the variable "y" with a superscript plus sign.] and [image: Lowercase letter "y" with a bar over it, typically representing the mean of a set of data in statistics.] are set in the following way: [image: Equation showing \( y^{+} = y_{t-1} \cup y_{t} \).], [image: Mathematical equation showing: y-bar equals the intersection of y subscript t minus 1 and y subscript t.]. Therefore, the formation model and dissolution (or persistence) model of network relations is given in Equations 9, 10:

[image: Probability equation expressing Pr(Y_t^+ = y^+ | Y_{t-1} = y_{t-1}; θ^+) equals 1/K^+ times exp of the sum from q=1 to q of θ_q^+ λ_q^+ (n, shock, e, x).]

[image: The image displays a mathematical equation representing a probability expression. It shows the probability of \( Y \) equal to \( y \), given \( Y_{t-1} \) equals \( y_{t-1} \) and parameter \( \theta \). It is expressed as \(\frac{1}{\kappa}\) times the exponential of a sum from \( q = 1 \) to \( q \) of \(\theta_{q}\lambda_{q}(n, \text{shock}, e, x)\). Equation number (10) is noted.]

In this study, the maximum likelihood estimation (MLE) method was used to estimate the TERGM model as well as its formation model and dissolution (or persistence) model. The network topology contains numerous nodes and edges with complex relations; therefore, it is not suitable to perform MLE estimation directly. To solve this problem, the most effective solution is to use the pseudo maximum likelihood estimation (MPLE) method and the Markov chain Monte Carlo maximum likelihood estimation (MCMC MLE) method for rough estimation. Comparatively, the MPLE method based on self-help sampling has advantages in computing efficiency and fitting accuracy in large sample size estimation (Leifeld et al., 2018). Therefore, this study uses the MPLE method to estimate the TERGM model and its separated models, and uses the MCMC MLE method for robustness test.



3.4 Variables description


3.4.1 Temporal impact variable of abrupt changes in economic and trade environment ([image: The word "shock" is written in italicized font.])

Since 2018, “anti globalization” has been gaining momentum. Various incidents such as the Sino–US trade war, the trade conflict between USA and Europe, the trade frictions between Japan and South Korea, and Brexit have occurred one after the other, which exhibited a strongly negative impact on the bilateral trade among countries and the global agricultural supply chain (Anderson, 2022). During this period, abrupt changes of economic policy, regional conflicts, extreme weather events, and other problems occurred frequently, further exacerbating the global food supply crisis (Brenton et al., 2022; Arita et al., 2022). In 2020, the COVID-19 pandemic caused many problems such as clogging of cross-border trade, aggravation of trade protectionism, and worldwide economic recession that greatly reduced the stability of the global agricultural trade network (Arita et al., 2022; Brenton et al., 2022). During the period 2018–2020, bilateral trade frictions, COVID-19 pandemic, and other abrupt changes in the economic and trade environment could be together regarded as an ideal exogenous shock. Compared with the period 2018–2020, the changes in the global trade environment in 2017 and previous years were relatively mild and slow, thus the data of year 2017 could be used as a control. Based on this fact, in this study, years 2018, 2019, and 2020 were selected as three time nodes to construct a co-network variable, and this variable was then used to quantitatively evaluate the impact of exogenous shock on the evolution of the global TDN of highly vulnerable agricultural products at each time node.



3.4.2 Network endogenous structure variable ([image: Lowercase letter "e" in a serif font.])

The endogenous structure variable of the network reflects the self-organization process during the formation of the TDN. It is irrelevant to the political, economic, and other national characteristics of both parties of the trade; rather, it is related to the specific internal model that drives the formation and evolution of the network relations. Following the practice of Song et al. (2020) in selecting the set of endogenous structure variables, in this study, the following variables were selected: the number of edges ([image: The word "edges" is displayed in italic serif font on a white background.]), reciprocity ([image: The word "reciprocity" written in italicized serif font.]), preferential dependence ([image: The word "gwidegree" is displayed in a serif font.]), transfer connectivity ([image: Italicized lowercase letters spelling "gwdsp".]), and transfer closure ([image: The word "gwesp" is displayed in a serif font style.]). Table 1 presents the description of the parameters used in the TERGM model.



TABLE 1 Description of variables of TERGM model.
[image: A table depicting various variables, their associated moduli in diagrammatic form, and detailed descriptions. The variables include Edges, Reciprocity, Preferential Dependence, Transfer Connectivity, Transfer Closure, Sender Attribute, Receiver Attribute, and Network External Attribute. Each entry explains concepts like trade dependence relation and network connectivity, with diagrams showing circles and arrows illustrating connections between nodes. The descriptions provide insights into complex network behaviors like reciprocity, transfer connectivity, sender and receiver influences, and external attributes impacting network dynamics.]

The number of edges ([image: The word "edges" is shown in a serif font style, italicized, and lowercase.]) represents the number of relation edges in the TDN, which indirectly reflects the density of the trade network. It is equivalent to the intercept term in the traditional linear regression model. Reciprocity ([image: The word "reciprocity" is displayed in italicized serif font.]) indicates the degree of interdependence among network nodes, that is, the probability of both country i and country j extending trade dependence relation to each other. Reciprocity is not only the basic principle in the action norms advocated by the World Trade Organization, but also a win–win model to achieve international division of labor and resource complementation. Preferential dependence ([image: The word "gwidegree" written in italic lowercase font.]) represents the convergence characteristics of TDN relations, that is, a network node (country) accepts trade dependence relations from multiple nodes at the same time. In the international TDN, a small number of “trade star” “countries, such as the USA and several other countries with high development level in agriculture, are involved. They occupy dominant positions in the market because of their high competitiveness in agriculture (Hunter, 2007). Transfer connectivity ([image: The text "gwdsp" is written in italicized, serif font.]) and transfer closure ([image: The lowercase text "gwesp" is displayed in a serif font.]) represent the intermediary linkage form of the network node group. Transfer connectivity refers to the indirect transfer of trade dependence relation between country i and country j through the relay of one or more third-party countries. However, transfer closure refers to the formation of direct trade dependence relation between country i and country j under the influence of third-party countries. In international trade, there exists information asymmetry between the countries in a TDN due to regional differences in politics, culture, language, and geography, which incurs information search and matching costs. In order to reduce the transnational supply risk caused by the uncertainties of the international market, the participating countries tend to establish new trade dependence relations through the information sharing of the third-party trading partners. With the deepening of globalization in trade, the TDN can acquire the characteristics of “small world’, which can promote the network structure to evolve toward a closure state.



3.4.3 Network exogenous structure variables ([image: Lowercase letter "x" in a serif font on a white background.])

The exogenous structure variables mainly include the setting of control variables in the traditional trade gravity model, primarily involving the actor attributes and the external characteristics of the network. They are directly related to the formation and evolution of the structure of TDN. The actor attributes are the national characteristic variables of the sender and receiver of the trade dependence relation. In this study, three variables, namely, per capita GDP ([image: Italicized lowercase letters "pgdp" in a serif font.]), population ([image: Italicized text reading "pop" in a serif font.]), and degree of trade openness ([image: The word "open" is displayed in italicized serif font.]) were selected to measure both the exporting country and the importing countries, separately. The external characteristics of network are the fixed exogenous situational factors in the layout of trade dependence relations, which are directly related to the fixed costs incurred in trade relations, such as the geographical distance between two countries ([image: Italicized lowercase word "dist" in a stylized font.]).




3.5 Data and definitions

Herein, real agricultural trade data were used to evaluate the impact effects of the three exogenous temporal shock variables on trade in 2018, 2019, and 2020. Considering the operational efficiency of the TERGM model, three groups of trade dependence observation networks that dynamically change with time were constructed, as follows: Group 1 covers the years 2015, 2016, 2017, and 2018; Group 2 covers years 2016, 2017, 2018, and 2019; and Group 3 covers years 2017, 2018, 2019, and 2020. Through the estimation of the abovementioned three groups of models, the impact effects of abrupt changes in the economic and trade environment on the TDN of highly vulnerable agricultural products at the historical time nodes relative to the average change in the previous 3 years can be accurately assessed.

The agricultural trade dataset used in this study was obtained from CEPII-BACI,2 a global trade database. CEPII-BACI contains a huge amount of global trade data of the agricultural products under the 6-digit HS Codes. The trade data set in CEPII-BACI is characterized by unified measurement metrics, complete country coverage, and timely data update, which aid in creating a favorable condition for comparative analysis among different countries and industries. The research objective of this study is the trade of all types of agricultural products, encompassing 698 agricultural products under the 6-digit HS codes specified in chapters 1–24 of the Harmonized Commodity and Coding System (HS6) supplied by 227 countries and regions. There are about 15.63 million pieces of original sample data in CEPII-BACI. Among other relevant variables, the data bits of per capita GDP, total population, degree of trade openness, and geographical distance were obtained from the World Bank database3 and Payne World Table.4




4 Characteristics of TDN and visualization-based analysis


4.1 Distribution of industries of highly vulnerable agricultural products

In this study, accounting was performed on the collected agricultural trade data for the period 2016–2020 to identify industries of highly vulnerable agricultural products in the international agricultural trade network, using the variation index of export centrality at the level of global trade as the criteria. The results show that 260 of the 698 agricultural products under the 6-digit HS codes are highly vulnerable,5 covering multiple agricultural product industries under the 23 2-digit HS codes other than cocoa and cocoa-related products (HS-18) and miscellaneous edible preparations (HS-21). In the 5 years from 2016 to 2020, the average annual trade volume of highly vulnerable agricultural products in the world was about 227 billion US dollars, accounting for around 14.3% of the total trade volume of agricultural products. In order to facilitate visual observation of the weight of the agricultural products of each industry in the global trade, 260 highly vulnerable agricultural products were placed under the 6-digit HS codes into 110 categories under the 4-digit HS codes for graphic analysis.6

Figure 1 shows the average distributions of the total trade volume and export centrality variation index of the highly vulnerable agricultural products under the global 4-digit HS codes in the 5 years from 2016 to 2020. Regarding total trade volume, the industries with high trade volume in the global trade of highly vulnerable agricultural products are mainly distributed in the categories of meat (HS-02), animal, and vegetable oils (HS-15); fish and other aquatic products (HS-03); fruits and nuts (HS-08); and cereal products (HS-10). The industries of these five categories account for nearly 70% of the world’s total trade volume of highly vulnerable products. Regarding export centrality variation index, some industry categories have extremely high export centrality variation degree of agricultural products. They are widely distributed in some categories under the 2-digit HS codes. For example, food production residues (2303), starch products (1108), hops cones (1210), etc. exhibit high degrees of supply concentration and high unit price, indicating that these markets are monopolized by sellers to some extent.

[image: Scatter plot showing the relationship between the total trade volume of agricultural products and the export centrality variation index. Numerous data points are densely clustered between index values of 3 to 5 and trade volumes of 11 to 16, with some outliers. Labels such as "1001," "2304," and "1507" are shown near specific data points.]

FIGURE 1
 The distributions of the highly vulnerable agricultural products for the period 2016–2020.




4.2 Descriptive statistical analysis of network characteristics

Based on the identified industries of highly vulnerable agricultural products and the constructed complex trade network model, descriptive statistical analysis was further carried out on the characteristics of TDN. Table 2 presents the values of descriptive statistical indicators of the global TDN of highly vulnerable agricultural products in 2005, 2010, 2015, and 2020.



TABLE 2 Descriptive statistics of highly vulnerable agricultural trade dependence network.
[image: Table showing various network metrics from 2005 to 2020 in columns: density, degree, diameter, path length, modularity, cluster, and average trade dependence. Metrics show gradual changes with density increasing from 0.017 in 2005 to 0.020 in 2020, and similar trends are observed for other metrics.]

Overall, the topological structure of the global TDN of highly vulnerable agricultural products exhibits a certain degree of stability amid constant variation. The average network density in 2005, 2010, 2015, and 2020 is 0.019, and it exhibits a trend of increasing year by year, which indicates that countries have become progressively more interdependent in the global trade of highly vulnerable agricultural products. The average degree of TDN is about 1.755–2.140, which indicates that the average number of dependence edges of each network node is about 2. The average path length of the TDN is 2.08, while the average network diameter fluctuates around 6. It indicates that each network node can achieve the extension of trade dependence relation through about two hops, and the longest path distance is about 6, which is consistent with Milgram’s “six-degree segmentation” hypothesis, i.e., the “small world phenomenon” inference. The modularity and clustering coefficients of the TDN exhibit a certain increasing trend, which indicates that the nodes in the TDN of agricultural products are increasingly clustering around the central nodes of the network, and that multiple communities have been formed around regional centers. Furthermore, the average trade dependence indexes of the four periods were calculated herein. The results are 0.215, 0.175, 0.169, and 0.181, respectively. Clearly, the average trade dependence index showed a downward trend from 2005 to 2015, which indicates that the number of new market dependence links and the number of central nodes among trading countries increased, and the elevated degrees of substitutability and diversification in trade transactions weakened the trade dependence among economies to a certain extent. In 2020, the global trade dependence index of highly vulnerable agricultural products increased dramatically, which can be attributed to the clogging of cross-border trade and the rise of trade protectionism caused by abrupt changes in the economic and trade environment such as intensified bilateral trade frictions, the COVID-19 pandemic, and so on.



4.3 Visualization-based analysis of network topology evolution

In order to obtain a clear picture of how the network topology of the global TDN of highly vulnerable agricultural products has been evolving, visualization-based analysis on the TDN of highly vulnerable agricultural products for years 2005, 2010, 2015, and 2020 was carried out herein.7 The results are shown in Figure 2. Noteworthy, the nodes represent the sample countries, and shadow size of each node reflects the centrality of that node, that is, the larger the number of trade dependence edges of a country, the larger the node shadow of that country. Countries with close trade dependence relation are close to each other in the graph, and vice versa. The connecting lines represent the trade dependence edges. The thickness of an edge is proportional to the value of the dependence index. The thicker the edge, the higher the degree of trade dependence.

[image: Four network diagrams show international connections for the years 2005, 2010, 2015, and 2020. Each diagram displays nodes with country codes, connected by lines representing relationships. The complexity of networks increases over time, indicating growing international interconnectivity. Major hub countries, with more connections, are highlighted in each diagram.]

FIGURE 2
 The TDN of highly vulnerable agricultural products for years 2005, 2010, 2015, and 2020. Appendix Table A2 defines the ISO codes.


It can be seen intuitively that the structure of the global TDN of highly vulnerable agricultural products exhibits a “polycentric” development trend, that is, shifting from the network structure with a single dominant central node (USA) toward the one with multiple central nodes (USA, Malaysia, Indonesia, Brazil, the Netherlands, etc.). It means that the TDN of highly vulnerable agricultural products is no longer driven by a single core or a small number of cores. Instead, more countries jointly perform the function of “multi-core” driving in the trade dependence relations, thus weakening the dominant positions of a few developed economies in the market. Since 2005, the previous trade center nodes and trade dependence relations in the TDN of highly vulnerable agricultural products have been largely preserved (except for a few central nodes such as Argentina), and several community modules have taken shape. With the rapid pace of agricultural globalization, the weights of the participating countries in the global trade network of highly vulnerable agricultural products have changed to varying degrees, more trade center nodes have emerged, and new links of trade dependence relations among countries have been established constantly. In 2020, the trade dependence among countries became even more stronger compared with that in 2005, 2010, and 2015 even though the central nodes in the TDN tended to be stable.

At the country level, although the centrality of the USA in the TDN of highly vulnerable agricultural products has declined to a certain extent, it still occupies the central position in the trade network. At present, the USA ranks no. 1 in the global trade of highly vulnerable agricultural products in terms of both the number of product types and export volume, which is consistent with its position as a world agricultural power. Nearly 30% of the top 100 countries with the largest import volume of agricultural products in the world depend on the export from the United States, in particular, Mexico, Canada, and so on. Among the developing economies, Indonesia and Malaysia have increased their influence significantly in the global TDN of highly vulnerable agricultural products. There is high degree of similarity between the two countries in the exported agricultural products, in particular, in the advantageous industries such as plant oils (mainly palm oil) and their pyrolysis products, animal feed, animal-derived products, fish, and so on. When the exports of agricultural products from Europe, the USA, and other regions were hindered by the COVD-19 pandemic in 2020, Indonesia and Malaysia seized the opportunity in the international market to achieve a significant increase in the export volume of highly vulnerable agricultural products. In 15 years prior to 2021, China’s position in the global TDN was improved to a certain extent. In 2020, China became the sixth largest central country in the global trade of highly vulnerable agricultural products. Noteworthy, although China’s export of highly vulnerable agricultural products is rich in product types and high in trade volume, there is a significant gap between the centrality degree of China and those of the United States, Indonesia, etc., which indicates that China does not occupy a strong central position in the global TDN. This is attributed to the fact that China’s export of highly vulnerable agricultural products is distributed in many countries, and the exported products mainly serve the purpose of filling the supply–demand gap when there is a shortage of supply in the international market, thus the influence of China’s export exhibits relatively weak influence on the international agricultural product market.




5 Model estimation results


5.1 Estimation results of TERGM model

TERGM fitting estimation was carried out on the TDN of highly vulnerable agricultural products. The regression results are presented in Table 3. Clearly, the coefficient values of the temporal shock co-network variables [image: Text displaying "shock_2018" in italicized font.], [image: Stylized text reading "shock underscore two thousand nineteen" in italic font.], and [image: Italicized text reads "shock underscore two thousand twenty."] are significantly positive. Compared with the average state of the three years prior to each temporal shock point, the abrupt changes in the economic and trade environment during the period 2018–2020 have significantly enhanced the existence status of the TDN relations in the trade of highly vulnerable agricultural products, and the impact strengthened year by year. The supply concentration in the trade of highly vulnerable agricultural products is high, thus incidents such as bilateral trade friction and COVID-19 pandemic can easily cause many problems in the international agricultural market, such as supply exceeding demand, price hiking, and dramatic decline of trade volume. In order to mitigate the supply risks such as supply shortage in cross-border trade, most of the importing countries choose to seek supply of key products from alternative countries at the cost of reducing economic efficiency. In other words, these countries make use of the trade transfer effect of the exporting countries to improve supply security of highly vulnerable agricultural products, which can strengthen the multi-connectivity of the global TDN of highly vulnerable agricultural products. For example, when Sino–US trade friction occurred, China’s import of agricultural products from the USA declined sharply. To make up for the supply shortage, China turned to Brazil, Canada, New Zealand, and other countries for alternative supply sources, thus forming new trade dependence relations with these countries.



TABLE 3 Estimation results of TERGM model.
[image: Table displaying regression results for three models. Co-network attributes include shocks from 2018, 2019, and 2020 with coefficients and standard errors. Network endogenous structural attributes are edges, reciprocity, gwidegree, gwdsp, and gwesp. Network exogenous structural attributes include variables like ln pgdp, ln pop, ln open for both 'it' and 'jt' suffixes, and ln dist. Significance levels are indicated by asterisks. Standard errors are in parentheses.]

Among the endogenous attributes of the network nodes, [image: The word "reciprocity" written in italic font.], [image: The word "gwidegree" written in italicized serif font.] and [image: The text "gwesp" is displayed in a serif font style.]all exhibit significantly positive coefficients, which indicates that reciprocity, preferential dependence, and transfer closure have positive impact on the formation of the TDN of highly vulnerable agricultural products. In particular, the impact coefficient of [image: Text displaying the word “gwidegree” in italicized serif font.] is quite high. It indicates that the “polycentricity” of network nodes plays an important role in the evolution of topological structure of the TDN of highly vulnerable agricultural products, that is, to strengthen the connections in the TDN by creating “central attraction” within regions. The coefficient of [image: The text "gwdsp" written in a serif font.] is significantly negative, indicating that the TDN of highly vulnerable agricultural products exhibits salient characteristics of multi-connectivity. However, this type of connectivity path tends to form closed loops, which can hinder the evolution of the TDN. Regarding the exogenous attributes of network nodes, the global TDN of highly vulnerable agricultural products exhibits significant actor relationship effect. The sender attributes [image: Mathematical expression showing "ln pgdp subscript it".] and [image: Text displaying "ln popit" with "ln" in regular font and "popit" in italic.] are significantly negative, and [image: Text displaying the words "In open it" in italicized font.] shows negative characteristics, which indicates that a relatively high level of economic development and a large population can reduce the probability of an exporting country extending trade dependence relation, while a relatively high degree of trade openness can significantly increase the probability of extending trade dependence relation. Among the recipient attribute, [image: Natural logarithm of the variable pgdp subscript jt.] shows negative characteristics, while [image: The expression "ln pop subscript j t" is shown in italics.] shows positive characteristics, which indicates that for an importing country, relatively low level of economic development and a relatively large consumption scale will enhance the tendency of forming trade dependence relations. The coefficient of network external attribute [image: The equation shows "ln dist subscript i j", representing the natural logarithm of distance between entities i and j.] is not significant, which indicates that in the post-globalization era of trade convenience, the impact of geographical distance on the trade dependence relations has become weaker than before.



5.2 Estimation results of STERGM model: formation model and dissolution (or persistence) model

Based on the benchmark model estimation, fitting estimation was further carried out on the separated models of TERGM; i.e., the formation model and the dissolution (or persistence) model, with the aim of determining the impact of endogenous and exogenous factors on the new and old network relations in the TDN of highly vulnerable agricultural products. The estimation results are presented in Table 4. The coefficient values of [image: Italicized text reads "shock_2018" with the word "shock" in a cursive style and the number "2018" in a plain font.], [image: Text in italic font displaying "shock underscore 2019".], and [image: The text "shock underscore 2020" is presented in italicized serif font.] are significantly positive in the formation model and the dissolution (or continuation) model, which indicates that the abrupt changes in the economic and trade environment can significantly increase the probability of forming new dependence relations in the agricultural product trade network as well as increase the probability of maintaining the old relations. Although the abrupt changes in the economic and trade environment increase the costs of cross-border transactions thus inhibiting trade, it can stimulate the trade transfer effect and promote the formation of new bilateral trade links and trade dependence relations among countries. Moreover, given the high supply concentration degree of highly vulnerable agricultural products, the abrupt changes in the economic and trade environment cannot substantially weaken the dominant positions of the central node countries and the comparative advantage of their products in a short time, thus most of the existing trade dependence relations in the trade of highly vulnerable agricultural products are retained. The abovementioned results reflect that the weights of the economies in the trade network of highly vulnerable agricultural products changes under the influence of abrupt changes in the global economic and trade environment. For example, when the capacities of developed economies such as Europe and the United States to supply agricultural products declined during the outbreak of the COVID-19 pandemic, developing countries such as China and Indonesia showed a good opportunity to boost their exports of agricultural products. Although this does not bring fundamental changes to centrality of the existing trade centers and dependence relations in the trade network, it can help to generate new trade center nodes and promote the formation of new trade dependence relations.



TABLE 4 Estimation results of STERGM model.
[image: Table displaying statistical results from a study on network models. It includes columns for formation and dissolution models, covering co-network, network endogenous, and exogenous structural attributes. Variables show coefficients with standard errors in parentheses, and significance levels indicated by asterisks: *** p < 0.001, ** p < 0.01, * p < 0.05, ° p < 0.10.]

The regression results of the endogenous structure attributes of the network indicate that the coefficients of [image: The word "reciprocity" is displayed in italic font.], [image: The word "gwidegree" written in a serif font.], and [image: The text "gwesp" is displayed in italicized font.]are all significantly positive in the formation model and the dissolution (or persistence) model, while the coefficient of [image: The image shows the lowercase letters "gwdsp" in italics.] is significantly negative. It shows that reciprocity, preferential dependence, and transfer closure are conducive to the formation of new relations and the maintenance of old relations in the TDN of highly vulnerable agricultural products, while transfer connectivity reduces the probability of forming new dependence relations and increases the probability of dissolving the old dependence relations in the trade network. Overall, the endogenous self-organization process of network relations tends to promote the establishment and maintenance of the trade dependence relations among countries in the trade of highly vulnerable agricultural products. It indicates that agricultural globalization has strengthened the links among countries in agricultural trade, and promoted the formation of a trade paradigm of close cooperation and interdependence among countries by enhancing the comparative advantages of many countries and encouraging division of labor among countries. As to the exogenous attributes and external characteristics of other network nodes, the influence levels and significance levels of the variable coefficients are good, which is consistent with the estimated results of the TERGM model mentioned above.



5.3 Further robustness checks

In order to further verify the robustness of the estimation results of the TERGM model and its separated formation model and dissolution (or persistence) model, and avoid the problem of inaccurate estimation of confidence interval due to insufficient sample size, the MCMC MLE method was used herein for simulation estimation. The estimation results of the model are presented in Table 5, which summarizes only the regression results of the temporal shock point variables. The coefficient values and significance directions are basically consistent with the regression results presented in Tables 3, 4, which indicates that the estimated results of the TERGM model and its separated formation model and dissolution (or persistence) model are robust.



TABLE 5 Estimation results of robustness test.
[image: Table titled "The MCMC MLE Method" displaying regression results across nine models, including TERGM, Formation, and Dissolution. It contains coefficients and standard errors for co-network and network endogenous structural attributes like shock_2018, edges, and gwesp. Significance levels are marked with asterisks: ***p<0.001, **p<0.01, *p<0.05, +p<0.10.]




6 Conclusion and policy implications

Considering the advantages of the social network analysis method in analyzing international trade problems, this method was applied in the research of global agricultural trade to explore the evolution of the global agricultural TDN from the perspective of vulnerability. First, agricultural industries that are highly vulnerable in international trade were identified. Then, a network visualization model is constructed for systematic analysis of the evolution of the topological structure of the global TDN of highly vulnerable agricultural products. Finally, a TERGM and its separated formation model and dissolution (persistence) model are established for quantitative assessment of the impact of the abrupt changes in the economic and trade environment on the TDN of highly vulnerable agricultural products in the period 2018–2020. The research results show that: First, the industries of highly vulnerable agricultural products in the global agricultural trade are distributed in a wide range, concentrating mainly in meat, animal, and vegetable oils; fish and other aquatic products; fruits and nuts; and cereal products, and the supply concentration degrees of these industries are high. Second, the trade links among economies in the global TDN of highly vulnerable agricultural products are becoming increasingly close, and the trend of trade integration is strengthening. From 2005 to 2015, the average degree of trade dependence among economies showed a downward trend, but increased during the COVID-19 pandemic in 2020. Third, the TDN of highly vulnerable agricultural products exhibits a “polycentric” development trend, that is, shifting from the network structure with a single dominant central node (the USA) toward the one with multiple central nodes (the USA, Malaysia, Indonesia, Brazil, the Netherlands, etc.). However, the United States still occupies the central position in the TDN, some developing countries such as Indonesia and Malaysia have significantly improved their positions. Fourth, during the period 2018–2020, when bilateral trade frictions intensified and the COVID-19 pandemic raged, the abrupt changes in the economic and trade environment led to significant enhancement in the dependence relations in the international trade of highly vulnerable agricultural products. Abrupt changes in the economic and trade environment not only induce the trade transfer effect and promote the formation of new trade dependent relations among countries, but also increase the probability of maintaining the existing trade dependence relations. Moreover, the endogenous self-organization process of network relations tends to promote the establishment and maintenance of the trade dependence relations among countries in the trade of highly vulnerable agricultural products. It indicates that agricultural globalization has strengthened the links among countries in agricultural trade, and promoted the formation of a trade paradigm of close cooperation and interdependence among countries by enhancing the comparative advantages of many countries and encouraging division of labor among countries.

International trade has always been regarded as an important vehicle to “eradicate hunger”; however, the risk brought by the vulnerability of trade networks cannot be ignored. The findings of this study can help us to dynamically track the vulnerable industries in the global agricultural trade and the trade dependence relations among countries, accurately identify the impact of abrupt changes in the economic and trade environment on the global TDN of agricultural products, and understand the factors driving the evolution of the global TDN of highly vulnerable agricultural products, thus providing theoretical and practical support for formulating relevant policies.

For developing countries with a high dependency on import trade, formulating flexible and executable trade policies is essential. These nations should revise their structural foreign trade policies to strike a balance between trade efficiency and long-term supply security. By implementing measures such as tariff adjustments and fiscal support, these countries can incentivize trade diversification, thus expanding import sources across various dimensions, including product types, source markets, and transportation channels. It is crucial to consider political stability, economic sustainability, and the needs of domestic industrial development when implementing these policies.

Specifically, in managing imported agricultural products, classifications should be based on trade concentration, product significance, and vulnerability characteristics. For economically vital imports, “efficiency-driven” policies can be adopted to broaden sourcing options; conversely, for critical imports that affect social stability and food security, a “safety-first” principle should be followed, prioritizing supply security even at the cost of some efficiency. Furthermore, developing countries should carefully select diverse trade partners, particularly those with stable political and economic relations and evident geographical advantages. By signing regional agreements and implementing trade facilitation policies, they can enhance trade connectivity with multiple import source countries.

To ensure food security, international organizations such as the Food and Agriculture Organization (FAO), various human rights organizations, the World Food Programme (WFP), and the World Trade Organization (WTO) should adopt a cooperative international rule paradigm that is relatively flexible. This paradigm will encourage discussions on new governance rules regarding agricultural production resource lists, emergency mechanisms, public safety reserves, and trade control reviews, thereby fostering international consensus on development and addressing the self-interested and fragmented nature of global food security governance. Additionally, based on regional political consensus, an inclusive and cooperative multilateral governance system for food security should be established. This system should work to gradually reduce international agricultural trade barriers, weaken agricultural capital monopolies, and dismantle information and technology blockades by improving the business environment, enhancing regulatory coordination, promoting policy dialogue, providing financial and technical support, and engaging in multi-track diplomacy.

Despite these efforts, challenges remain in ensuring policy consistency across countries, adapting to the specific needs of different nations, and achieving effective global resource distribution and technology transfer. Therefore, reforms in global food security governance must be comprehensive, dynamic, and adaptable to effectively respond to various challenges and ensure lasting global food security.

The limitation of this study is that the analysis of the evolution of the global TDN of agricultural products from the perspective of vulnerability was carried out mainly based on bilateral trade data, without considering the conditions of each country such as agricultural production potential, technology gap, consumption preference, and competition and cooperation relations with other countries. Undeniably, a lot more systematic explorations are further demanded to analyze the important influencing factors such as national agricultural production trajectory, specialization model, trade network adaptability, etc., in order to further improve the depth and practical significance of the research, which will be pursued in the future.
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Footnotes

1   All countries selected in this study are presented in the visualization analysis graph.

2   See: https://www.cepii.fr.

3   See: https://data.worldbank.org.

4   See: https://www.rug.nl/ggdc/productivity/pwt.

5   We obtain the aggregation of agricultural industries of high vulnerability over the 5 years from 2016 to 2020, ensuring that the identified coverage of highly vulnerable agricultural products is comprehensive. It means that if the export centrality variation index of target industry is in the high range of 75% index value in any year from 2016 to 2020, indicating that there is a currently high-risk potential in the cross-border trade of the industry. Appendix Table A1 presents the coverage of highly vulnerable agricultural products in trade.

6   All HS codes and descriptions can be referred to the United Nations Statistics Division (UNSD). see: https://unstats.un.org/unsd/classifications/Econ/download/In%20Text/HSCodeandDescription.xlsx.

7   We used the Gephi software to draw the network structure diagram, and used the force-guided layout algorithm of Force Atlas and Fruchterman Reingold to describe the TDN structure. This algorithm can effectively dissolve the limitation of geographical distance, so that the national nodes with trade dependence relation attract each other; otherwise, they repel each other. Moreover, the use of this algorithm also effectively reduces the intersection of trade dependence edges in the trade network, and finally achieves the balance of the overall network layout.
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Variable name Adoption of socialized Number of applications
services

Self-managed Adopted socialized
services

Individual characteristics of household head

Gender 0,006 (0.007) 0.157 (0.170) —0.018%#%(0.004)
Age 0.048%%#(0.006) 0.026*4(0.011) 0.018%#%(0.006)
Education level 0.141%%(0.060) 0.102 (0.097) 0.149%#%(0.051)
Years of experience ~0.150%%(0.060) ~0.163 (0.102) ~0.040(0.052)
High risk cognition 0,050 (0.163) 0.530%4(0.269) 0.179(0.177)
Low risk cognition 0.444%%(0.186) ~0.208 (0.300) 0.211(0.182)
Household characteristics
Number of laborers ~0271%#%(0.054) ~0.130 (0.083) ~0.175%#%(0.066)
Total household population 0.133*2%(0.040) ~0.117 (0.079) 0.028 (0.038)
Per capita household income 0.246**%(0.052) 0.299%+%(0.089) 0.018 (0.041)
Farming characteristics
Farm size 0.002°%(0.001) 0002 (0.002) ~0.001%%(0.000)
Intensity of agricultural technical support 0.045°+4(0.014) ~0.040#(0.018) 0.030°+%(0.011)
Price ~0011%¥%(0.002) ~0013%7%(0.004) ~0.005%%(0.003)
Village characters
Terrain 0.509%%(0.251) —0.742%%%(0.249) ~0.505 (0.335)
Village per capita income 0.629°4(0.191) 0023 (0.298) 0244 (0.164)
Instrumental variables
Number of local enterprises 0.146%*#(0.019)
Is village cadre 0.510%%(0.217)
Constant term —1501%+(0.544) 9.006%+%(0.922) 5.463%44(0.522)
Inc, 0.605%** (0.0.038)
P ~0.285** (0.126)
Ino, ~0.074 (0.070)
o 0.70244%(0.074)
LR test of indep. Eqns. 3745
Log likelihood ~1921379 -1921.379 —1921.379
Observations 900 900 900

¥, %%, and ***, respectively; denote significance at the 10, 5, and 1% levels; Numbers in parentheses indicate standard errors of the estimates.
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Variable name Symbol Sample size  Meal Standard deviation ~ Minimum  Maximum

Agricultural green total factor productivity agthp 560 1.061 0184 0.408 3335
Rural energy consumption Inrpe 560 4517 1362 0588 7575
Degree of disaster dl 560 0230 0154 0.002 0936
Rural human capital level rural 560 7347 0.691 4807 9732
Trade dependency atl 560 0347 1293 0.004 18381
Degree of government intervention gov 560 0210 0099 0077 0.643
Per capita regional GDP redp 560 9214 0466 7971 10843
Agricultural structural upgrading effect upgra 560 1078 0409 0527 5244

Agricultural scale effect seale 560 7.855 1092 3890 9585
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Self-managed Farmers adopting

farmers (n = 509) RPC (n = 391)
Variable name  Variable definition P —
Mean  Geviation M deviation
Explained variables
Pesticide application Number of pesticide applications for mid to late season 675 187 556 087 11.74%e%
intensity rice (times)
Proportion of non- Proportion of non-hazardous pesticide types to total 0.69 019 070 017 ~1.06
hazardous pesticide use | pesticide types used
Explanatory variables
Gender Female=0; Male=1 073 0.99 —1.82%*
Age Actual age of household head (years) 4324 118 1889 1015 786+
Education level Below Primary = 1; Primary=2; 248 098 271 093 —3.58%%*
High=14; College and Above=5
Years in agriculture Below 3years=1; 3-10years =2; 10-15 years = 3; Over 345 092 341 0.89 0.60
15years=4
High-risk perception Perceives high risk from adopting the regional pest 0.69 0.62 2.20%%
control program service=1; Other
Low-risk perception Perceives low risk from adopting the regional pest 020 027 —246%%
control program service = 1; Other =0
Labor force size Number of agricultural laborers 230 1.04 212 091 Agpees
Household size Total household population 368 130 396 147 —3.03%
Per capita household Actual data (10,000 RMB) 175 1.03 223 1.05 —6.83%%*
income
Planting scale Rice planting area (mu) 15.07 3337 30.76 75.64 =4.18%%*
Agricultural technical Number of visits by agricultural technicians (times) 4.86 4.41 6.51 4.59 =5.48%%*
support
Price Cost of pest control per unit area (yuan) 114.87 2898 97.53 2178 L
Village variables
Village terrain Mountainous =0; Plain =1 0.88 0.96 —4.12%%%
Village average income Actual ta (10,000 RMB) 240 031 241 0.36 —0.63
Instrumental variables
Local enterprise numbers  Actual data (number) 343 298 5.49 3.01 —10.32%**
‘Whether an individual is Village Cadre=1; Other=0 0.02 0.06 —3.36%**

avillage official

*, %, and ***, respectively, denote significance at the 10, 5, and 1% levels
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Farmer type Self-managed Socialized

service
Risk preference Risk preference Self-managed 70.7% 67.9% - ~287%%*
Socialized service 67.4% 69.3% 1.94%%+ -
Risk neutral Self-managed 69.6% 67.7% - ~1.89%+*
Socialized service 66.8% 70.0% 3.25%* -
Riskaverse Self-managed 68.5% 70.0% - 153%%+
Socialized service 65.6% 712% 55305+ -

“, %, and ***, respectively; denote significance at the 10,5, and 1% levels. ATT and ATU represent the average treatment effects for farmers adopting and for those not adopting, elucidating
the differential impact measured across the groups.
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Socialized

Farmer type Self-managed S
Risk preference Risk preference Self-managed 6643 4525 - —2117%4%
Socialized service 7624 5551 ~2073%+* -
Risk neutral Self-managed 7.005 4728 - —2276%+%
Socialized service 782 5717 —2.103% -
Risk averse Self-managed 7017 4587 - —2434%
Socialized service 7.896 5619 —2277%¢% -

* %, and ***, respectively, denote significance at the 10, 5, and 1% levels. ATT and ATU represent the average treatment effects for farmers adopting the regional pest control program service
and for those not adopting, elucidating the differential impact measured across the groups.
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Variables Geographical location characteristics Grain production functional area

(1) Eastern (2) Central (3) Western (4) Major grain- (5) Non-major
producing areas grain-producing
areas
treat x post 021934+ 0.2426%%* 00475 0.1644%5 0.1387+5*
(0.0821) (0.0848) (0.0611) (0.0601) (0.0520)
Constant term ~3.0508** 0.2059 ~1.6083 0.8058 ~2.4906*
(1.3790) (1.7109) (1.5061) (1.0476) (0.9788)
Year fixed effects Yes Yes Yes Yes Yes
Province fixed effects Yes Yes Yes Yes Yes
Control variables Yes Yes Yes Yes Yes
Sample size 205 181 174 259 301
2 05282 0.6440 03521 06159 03388

(1) Parentheses contain robust standard errors; (2) #, *%, and *** indicate significance at the 10, 5, and 1% levls, respectively; (3) Control variables: Rural energy consumption, degree of
aster, rural human capital level, trade dependency, degree of government intervention, per capita regional GDP; (4) The dependent variable in the regression tables is AGTEP (agifp).
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Self- RPC

5 ATT
managed  service
Self-managed 69.2% 69.4% - 1.63%**
Socialized service 66.3% 70.5% 4.17%% -

%, and ***, respectively, denote significance at the 10,5, and 1% levels ; ATT and ATU,
respectively, represent the average treatment effects for farmers adopting the regional pest
control program service and for those not adopting, highlighting the differential impacts
observed in each group regarding the usage of non-hazardous pesticides.
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Variables Dependent variable: agtfp

(1) Winsorizing  (2) Trimming (3) 25th (4) 50th (5) 75th (6) Excluding
percentile percentile percentile municipalities
treat x post LUE e 0.0982%%% 0.0724%%% 0.0631%%% 0.0890%* 0.1776***
00361) (0.0330) (0.0279) ©0191) (0.0109) (00155)
Constant term ~05104 —12527%%% ~11499%* ~07917% ~02040 01254
(0.5959) (0.4345) (0.5011) (0.3432) (0.7243) (0.7606)
Year fixed effects Yes Yes Yes Yes Yes Yes
Province fixed Yes Yes Yes Yes Yes Yes
effects
Control variables Yes Yes Yes Yes Yes Yes
Sample size 560 550 560 560 560 505
RZ 05159 0.4951 0.2625 0.2920 03444 04115

(1) Numbers in parentheses represent robust standard errors; 2) *, **,and *** indicate significance at the 10, 5, and 1% levels,respectivelys (3) Control variables include rural energy
consumption, degree of disaster impact, rural human capital level, trade dependency, degree of government intervention, and per capita regional GDP.
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Variable name Adoption of socialized Proportion of non-hazardous pesticide use
services

Self-managed Socialized services

Individual farmer characteristics

Gender 0.020(0.302) 0.014(0.503) 0.001%%(0.011)
Age 0.049%%% (0.000) ~0.000 (0.864) ~0.000 0952)
Education level 0.157%+% (0.008) ~0.015(0.129) ~0.017%(0.098)
Years in profession ~0.160** (0.010) 0.010 (0.386) ~0.000 (0.972)
High-risk perception 0.107(0.504) ~0.025(0.262) 0014 (0.638)
Low-risk perception 0,245 (0.177) ~0.010 (0.703) 0.006 (0.847)

Household characteristics

Number of laborers —0.277%%% (0.000) ~0.004 (0.593) ~0.021%(0.060)
Total household population 0.128%%* (0.002) 0,005 (0.385) 0.004 (0.548)
Per capita household income 0.270%+* (0.000) ~0.019* (0.076) 0.024%#4(0.003)

Operational characteristics

Planting scale 0.001(0.115) 0.000 (0.620) 0.0007%(0.005)
Agricultural support intensity 0.047%%% (0.001) 0.004** (0.012) 0.003 (0.132)
Price —0.013*** (0.000) ~0.000 (0.986) 0.001%%(0.024)
Village characteristics
Terrain 0560 (0.017) 0,031 0.242) 0.052(0.343)
Average village income ~0071%%(0.016)
Instrumental variable
Number of local enterprises 0.116%%(0.000)
Whether a village cadre 0.482%(0.065)
Constant term
Ino, —L701%%%(0.042)
” ~0.1524%(0.067)
Ino, —1.847%+%(0.049)
o 0.580%#4(0.126)
LR test of index. Eqns. 2461 2461 2161
Log likelihood ~12837831 ~12837831 ~128.37831
Observations 900 900 900

¥, **,and ***, respectively, denote significance at the 10, 5, and 1% levels; numbers in parentheses indicate standard errors of the estimates.
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Variable Dependent variable: agtfp

() (3) (4)
treat x post 024065 | 02354%%  0.1323%%F | 017045
(0.0513) (0.0507) (0.0444) (0.0466)
Constantterm  LOS97%*  0.9563%* 0.9697%%% 12459
(0.0095) (0.3731) (0.0391) (1.1762)
Year fixed No No Yes Yes
effects
Province fixed No No Yes Yes
effects
Control No Yes No Yes
variables
Sample size 370 370 370 370
2 01311 0.1433 0.4029 04247

(1) Numbers in parentheses represent robust standard errors; (2) *, **, and *** indicate
significance at the 10,5, and 1% levels, respectively; (3) Control variables include rural
energy consumption, degree of disaster impact, rural human capital level, trade dependency,
degree of government intervention, and per capita regional GDP.
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Farmer Self- Socialized ATT

type managed service
Self-managed 6759 4544 - —2214%5
RPC Service 7.727 5577 —2.150% -

*, %, and #**, respectively, denote significance a the 10,5, and 1% levels; ATT denotes the
average treatment effect for farmers who adopted the regional pest control program and
ATU denotes the average treatment effect for farmers who did not adopt the progra.
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Variable Dependent variable: agtfp

() (3) (4)
treat x post 02348%%F 011129 02105%%% | 015810
(0.0459) (0.0388) (0.0469) (0.0401)
Constantterm | LOAI7*** | 09561*** | 07179%*% —0.2857
(0.0068) (0.0233) (0.1643) (0.6758)
Year fixed No Yes No Yes
effects
Province fixed No Yes No Yes
effects
Control No No Yes Yes
variables
Sample size 560 560 560 560
2 01253 0.3687 0.1618 0.4080

(1) Numbers in parentheses represent robust standard errors; (2) *, **, and *** indicate
significance at the 10,5, and 1% levels, respectively; (3) Control variables include rural
energy consumption, degree of disaster impact, rural human capital level, trade dependency,
degree of government intervention, and per capita regional GDP.
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Mojjada et Aswathy and

farming in India |Thirnavukkarass, ;%0 al.. 2 al., 2013 Joseph, 2018 2020

9
10
3 Total harvest® (otal harvest: Total harvest ToalBarv Total harvest
e 3,032 kg 3456.5 kg 1764 kg 804 ke 2880 kg
Total feed cost: otal feed cost Total feed cost. ) ) Total feed cost fotal feed cost
USD $3634.47 USD $425 64 USD $38052 USD $587.14 USD$1779.76 USD $3,502.37
©90USDS k) (014 USDSAg) (110 USDSkg) (033 USDS &) (21 USDS&p) (121 USDS k)

Feed used: Trash fish Feed used: Pellet feed Feed used: Trash fish Feed used: Trash fish Feed used Pelletand  Feed used: Trash fish
Mariet Feed /unit cost $0.18%g
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Particulars Cost($)  Percen

Variable cost and semi-variable cost

Costof seed 544 17%
Costof feed 1,100 3%
‘Transportation, including seed and feeding 60 2%

Labor for Feeding, cage maintenance, boat, and Lois

harvesting. 31%
Total variable cost and semi-variable cost 2719

Annual fixed cost

Depreciation 418 13%
Insurance on installations 97 3%

Administrative expenses 18 19%
Total fixed cost 533

Total cost of production 3251

Source: Mojjada et al. (2023).
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Variables (1)

(2)

Dependent
variable: agtfp

Dependent
variable: agtfp
treat x post 0.1096%+
(0.0415)
scale ~0.0949*
(0.0520)
ireat x post x scale 0.0655*
(0.0339)
Constant term 1.7979%+%
(0.4640)
Control variables No
Province fixed effects Yes
Year fixed effects Yes
Sample size 560
03799

IS

(1) Parentheses contain robust standard errors; (2) *, **, and *** indicate significance at the

0.1323%5%
(0.0419)
~0.1256%
(0.0543)
0.0843%%
(0.0303)
136924
(0.5801)
Yes
Yes
Yes
560

0.4090

10,5, and 1% levels, respectively; (3) Control variables include: Degree of disaster, rural
human capital level, degree of government intervention, per capita regional GDP.
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Variables (1) (] (€)]

Dependent variable: agtfp Dependent variable: upgra Dependent variable: agtfp
ireat x post 0.1581%%% 0.1748%+% 0.1062++
(0.0401) (0.0483) (0.0364)
treat x post xupgra_1 0.1543¢%
(0.0646)
Constant term ~0.2857 338380 ~0.0213
(0.6758) (0.8463) (0.6723)
Control variables Yes Yes Yes
Province fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
Sample size 560 560 540
2 04080 0.8946 05623

(1) Parentheses contain robust standard errors; (2) #, **, and *** indicate significance at the 10, 5, and 1% levels, respectively; (3) Control variables; Rural energy consumption, degree of
disaster, rural human capital level, trade dependency, degree of government intervention, per capita regional GDP.
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Variable Capital accumulation Risk awareness Social network Agricultural cognition

(1) (] (3) (4)
LhE g 0.1404%%% 0.1397%%* DA
Total effect
(0.0327) (0.0329) (0.0327) (0.0327)
0.1374%%% 0.1334%%* 0.1364%** 0.1341%%%
Direct effect
(0.0327) 00328) 00327) 00327)
0.0020% 0.0069* 0.0032* 0.0054**
Indirect effect
(0.0012) (0.0040) (0.0017) (0.0022)
Control variables Yes Yes Yes Yes
County effects Yes Yes Yes Yes
Observations 8391 8391 8391 8391

Robust standard errors in parentheses. **%p<0.01, **p<0.05, *p<0.1
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Dimensions  Indicators Definition of problems

Ecology Land suitability Risk of improper new land opening. Difficultis in finding suitable new land opening at an alttude above 1,000m. The existing land has been planted with other horticultural commodities
Soil fertility Decreasing soil fertility
Chemical fertilizers Farmers use chemical ertilizers based on their customary practices rather than following recommended guidelines, and measurement of soil nutrient requirements.
Pests and diseases attack Caterpillar attack and root disease which lead to endemic
Chemical pesticides Chemical pesticides utilization based on farmers' customary practices (ex: mixing various pesticides).

Water availability Most of farmers rely on rain-fed irrigation and do not have an rrigation system

Land degradation (erosion)  Farmers build beds along the contour without comprehending the importance of land conservation

Climate anomalies Climate anomalies cause a decrease in productivity. EI Nino causes stunted growth and even plant death, an increase in thrips pests, and suboptimal bulbs formation. La Nina causes an
increase in disease attacks and rotten bulbs.

Economy Productivity “The productivity remains low, still below its potential target
Quality product (local garlic) “The lack of a comparative advantage

Low-quality garlic (small bulb)

Input costs High input costs and inefficiency (especially in labor and pesticide components)
Selling price Uncertainty in selling price as i relies on the buyers (farmers as price takers). The price of garlic is influenced by supply and the price of imported garlic. Usually,the selling price s low.
Farmer’s capital Insufficient capital as farmers depends on the profitability of previously cultivated crops

Lack of access to financial resources
Planting area Planting area depends on the farmer's capital and seed availability

Competition with other crops

Consumption rate Relatively low rate of local garlic consumption even in production center
Import Market saturation due to high and increasing import volume of garlic

Dependence on subsidies Relatively high dependence on government subsidies due to high production costs

Risk level “The risk level i significantly high, primarily due to factors such as climate change, low selling prices, limited market access, extended marketing chains, and inadequate knowledge and

adoption of Good Agricultural Practices (GAP)
Marketing No market guarantees
“The scope of farmers' markets typically encompasses local markets.
Market access through local trader
No market alternative as they still relying on the seed market
Seeds “The use of uncertified and low-quality sceds
Unavailability of seed propagation technology
Unavailability of seed dormancy-breaking technology
Cultivation “The diffculty to adopt good farming practices for productivity improvement
Unavailability of bulbous enlargement technology
Low capacity of farmers” to adopt good farming practices
Lack of irrigation technology
Post-harvest Farmers'lack of expertise in postharvest and storage technology

Inadequate storage facilities

Social Labor Limited and expensive agricultural labor, particularly in development areas
Farmer’s welfare Insufficient well-being among garlic farmers
Interest and willingness of Low interest in garlic farming due to price uncertainty
farmers

Farmers” perception that garlic is not a superior commodity

Competition with other Intense comp

ition with other commodities (especially with vegetables) due to the relatively unprofitable and long harvesti

g age of garlic.

agricultural commodities Income from other commodities greatly determines farmers” decisions to continue planting garlic
‘The effectiveness of farmer  Less managerial capabilty of farmer groups
groups “The lack of farmer groups” involvement in capacity building and the advancement of garlc farming

Weak institutional consolidation at the farmer level

Financial institutions Microfinance institutions for smallholder capital that have not been established
Marketing insttutions Marketing insttutions at the farmer level that have not been formed

Extension service and Insufficient knowledge and skill of extension officers regarding garlic commodities
assistance Lack of Agricultural extension officers

Consumer preferences Less preference for local garlic

Agribusiness Off-takers Ineffective role of the off-takers

(purchase guarantors)

Implementation of garlic Low-quality of seed from government programs
development programs. Distribution of production input assistance that is unsuitable for the planting season
“The production input assistance did not align with the needs in terms of type and amount

Diffiulty in obtaining suitable areas for garlic cultivation due to land scarcity in upland

Import rules Inconsistent implementation o

port rules. Previously, importers were required to engage in mandatory planting before obiaining an import permit, but now they are allowed to import

first and subscquently fulfill the mandatory planting requirement. However, this condition hasled to instances where

nporters default on their obligation to plant
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Variables Female Before 1980 After 1980  Below primary ~Above primary

school school

(2) (3) (4) (5) (6)
Migrant work 0.1007%% 009915 0.08247% 0.1458%% 0.0871%* 0.1058%*
experience (0.0330) (0.0406) (0.0296) (0.0528) (0.0402) (0.0333)
23062+ 245714+ 25604+ 14275% 2.1390%* 26869+

Constant

0.2771) (0.2729) (0.3848) (0.7956) (0.8866) (0.2510)

Control variables Yes Yes Yes Yes Yes Yes

County effects Yes Yes Yes Yes Yes Yes
Rsquared 0.1530 0.1408 01335 02207 0.1437 0.1607

Observations 4315 4076 6827 1,564 4,150 4241

Robust standard errors in parentheses. **#p<0.01, **p<0.05, *p<0.1.
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Participants Location

(District)

In-depth interview

Staffs of the Directorate 2 Jakarta
General of Horticulture,

Indonesian Ministry of

Agriculture

Researchers from the 2 Bogor
National Research and

Innovation Agency

Repsentatives of 2 Magelang
Horticulture Division- 2 Temanggung
Agriculture and Food
Department ! Karanganyae
Agricultural extension 2 Magelang
officers 8 Temanggung
Garlic traders 2 Temanggung
ic seed producers 2 Temanggung
2 Magelang
1 Karanganyar
Total of participant 2
Focus group discussion
Garlic farmer group 17 Temanggung
coordinators 12 Magelang
5 Karanganyar

“Total of participant 2
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Variable (1) (2) (3) (4)

Migrant work 00527%%% | 00743%** | 010224 | 0139550+
experience (0.0140) (0.0244) (0.0253) (0.0327)
—03000%%* | 2320%%% | 24165%*
Constant
(0.1013) (0.1874) (0.1732)
Control Yes Yes Yes
Yes
variables
County effects Yes Yes No Yes
City effects No No Yes No
Resquared 0.1632 0.1278 onz
Observations 8391 8391 8391 8,391

Robust standard errors in parentheses. *#%p <0.01
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ble ‘est methods  Standard of judgment

Migrantwork | Method | = 5 (Rmax.5) €(0.05540.1554) 00994 0.0947 0.0894 Yes

SXPEIIENE Method 2 551 7.1865 43935 31639 Yes
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Variable

Migrant work experience

Instrumental variable

Cragg-Donald Wald F
Durbin-Wu-Hausman F
atanhrho_12

Constant

Control variables
County effects
Resquared
Observations

Robust standard errors in parentheses. **%p <0.01

02066+
(0.0422)

184757+

0.2660%#%
(0.0697)
Yes
Yes
02106

8,391

25307+

(0.7954)

21.0872%%%

16689+
(03273)
Yes

Yes

8,391

13237%%%

(0.3524)

—1.9619%+*
(0.5056)
Yes

Yes

8,391

0.2665%%+

(0.0663)

—0.1151%#%
22727%%%
(0.1854)
Yes

Yes

8,391
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security

Original Standard t-statistics Accept or
sample deviation reject
Access to resources > women's 0.557 0.161 3472 0.001 Accept*
empowerment
Social support > Women’s 0.319 0.148 2.149 0.032 Accept*
empowerment
Policy perceptions > Women’s 0.161 0.149 1.077 0.281 Reject
empowerment
Women’s empowerment > food 0.836 0.051 16.340 0.000 Accept™*

*p < 0.05.
*p <001
D < 0001
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Domain Indicator Original sample p-value VIF
Access to resources AR-1 0.348 1.405 0.160 1.677
AR2 0437 2173 0.030 1.303
AR3 0444 1.863 0.063 1.867
Social support sS-1 —0.179 0533 0594 1.846
sS-2 0935 4.667 0.000 1.159
553 0423 1315 0.189 1.649
Policy perceptions PP-1 0.720 2411 0.016 1.405
PP-2 0318 1.253 0210 1.073
PP-3 0271 0.802 0423 1.485
Women's WE-1 0565 3.889 0.000 1.108 0744
empowerment
WE-2 0.460 4.044 0.000 1132
WE-3 0411 3182 0.001 1.051
Food security Fs-1 0.662 3.850 0.000 1142 0.699
FS-2 0543 2951 0.003 1.143
Fs-3 0.112 0.568 0570 1210
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Variables roup Percentage
Age 18-29 26.7
30-45 52.7
Above 45 20.6
Women’s education lliterate 4.4
Primary 13.5
Secondary 46.7
Higher secondary 13.1
Graduate 12.1
Postgraduate 10.2
Husband education Tlliterate 33
Primary 113
Secondary 16.3
Higher secondary 23.8
Graduate 29.8
Postgraduate 15.6
Employment status Employed 213
Unemployed 78.8
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m:

Access to
resources

Indicators

AR-1

Description of indicatol

How frequently do you utilize land for
cultivating crops?

AR-2

How simple is it for you to get money
for your personnel and family expenses?

AR-3

How frequently do you operate mobile
phones or the internet to do everyday
tasks?

Social support

How frequently do you receive financial
assistance from your family and
relatives to fulfill your personnel and
family needs?

How often do you receive guidance and
instruction from your social community
at the time of need?

How frequently do you receive food or
other important things from your social
community to fulfill your personnel and
family needs?

Policy
perceptions

PP-1

Do government programs and activities
make it simpler for you to access money,
food, education, and other resources?

PP-2

Do government initiatives assist you in
participating in decision-making in both
family and community?

PP-3

Do government acts and policies make
you feel more secure and comfortable in
movement and work outside?

Women’s
empowerment

WE-1

To what extent do you have power and
authority over your own money and
those of your family?

WE-2

To what extent do you take part in
major family decisions such as
purchasing items, determining your
children’s schooling, and managing
healthcare?

WE-3

To what extent do you have the liberty
to go to the market, consult a doctor, or
visit relatives without seeking
authorization?

Food security

FS-1

How confident are you that there is
sufficient food in your house for
everyone?

FS-2

FS-3

How diverse is your everyday diet,
including rice, vegetables, eggs, fruits,
and meats?

How sure are you that your family is
going to have adequate food throughout
the year?
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Provinces Base value Low 3.90% Median 12.59% High Whether or not to

(2020) promote
Inner Mongolia 23474 257.1 306.95 349.46 Yes
Sichuan 101.25 11201 135.99 15643 Yes
Henan 93.42 11576 165.52 20796 Yes
Anhui 9294 10016 116.26 12998 Yes
Shandong 5549 78.14 1286 17162 Yes
Jiangsu 5193 5491 6156 67.22 Yes
Yunnan 464 5694 80.44 100.48 Yes
Hunan 3116 3341 3842 4269 Yes
Shaanxi 2364 3054 4591 59.02 Yes
Guizhou 235 2528 3182 374 Yes
Hebei 2231 423 86.84 12482 Yes
Shanxi 2078 3097 5368 7305 Yes
Chongging 2022 28 2855 3345 Yes
Guangxi 1544 1893 2671 3335 Yes
Gansu 8.16 1401 27.06 38.18 Yes
Ningxia 165 354 7.74 133 Yes
Heilongjiang 92029 92029 920.29 92029 No
Jilin 64.23 6423 64.23 64.23 No
Jiangxi 27.75 2775 27.75 2775 No
Liaoning 29 29 29 29 No
Zhejiang 2175 2175 2175 2175 No
Fujian 9.47 9.47 9.47 947 No
Guangdong 91 91 9.1 9.1 No
Xinjiang 522 522 522 522 No
Others 3641 3641 3641 3641 No

Total 1960 211494 2460.18 275457 —_
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Provinces Baseline production Low (0.56%) Median (0.73%) High (1.3%)

(million tons)

Heilongjiang 92029 97314 989.72 1047.17
Inner Mongolia 23474 24822 25245 267.10
Sichuan 101.25 107.07 108.89 11521
Henan 93.42 98.79 100.47 106,30
Anhui 9294 98.28 99.95 10575
Jilin 64.23 67.92 69.08 7309
Shandong 5549 5868 59.68 63.14
Jiangsu 5193 5491 5585 59.09
Yunnan 464 49.06 49.90 5280
Hunan 3116 3295 3351 3546
Jiangxi 2775 2934 2984 3158
Liaoning 29 2527 2570 2720
Shaanxi 2364 2500 2542 2690
Guizhou 2235 2363 2404 2543
Hebei 2231 2359 2399 2539
Zhejiang 2175 2300 2339 2475
Shanxi 2078 2197 2235 2365
Chongging 2022 2138 2175 2301
Guangxi 1544 1633 16.60 17.57
Fujian 947 1001 1018 1078
Guangdong 9.1 962 979 1035
Xinjiang 522 552 561 594
Ningxia 165 174 177 188
Other provinces 4457 4713 4793 5072
National total 1960 207257 2107.87 223023

Data source: collated and measured.
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Parameter indicators

Soybean acreage (study baseline value)

The average annual growth rate of soybean 1

“The average annual growth rate of soybean 2

‘The average annual growth rate of soybean tree

Band composite mode boost 1

Band composite mode boost 2

Band composite mode boost 3

Soybean yield in the banded composite model

Years
2020

2020-2030

2020-2030

2020-2030

2030

2030

2030

2030

Data source: Chinese provincial government websites, FAO, and lterature.

Value

Sown area, mu yield, and produ

n
by province; domestic demand and
supply in China

0.56%

0.73%

13%

3.9%

1259%

20%

100kg

Setting basis

Assumed basi

Estimated average annual soybean growth
rate, 2004-2020 (projected by
extrapolating inter-annual data)

India soybean CAGR 2004-2020

Liu etal. (2002) predicted

Sixteen banded composite technology
planting provinces maintain their mission
targets in 2022

Maintain the planned promotion of
50million mu in 2025

Combined with the fourteenth 5-year plan
reasonably proposed

Data integration
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1995 2000 2005

Provinces Production Provinces Production Provinces Production
concentration concentration concentration
Heilongjiang 3165 Heilongjiang 2921 Heilongjiang 3851
Shandong 911 Jilin 781 Inner Mongolia 800
Henan 790 Henan 751 Jilin 796
Hebei 582 Shandong 679 Anbui 543
Jilin 580 Anhui 594 Shandong 398
Anhui 476 Inner Mongolia 557 Henan 355
Inner Mongolia 389 Jiangsu 435 Sichuan 32
Jiangsu 340 Hebei 408 Jiangsu 298
Liaoning 306 Liaoning 312 Hubei 266
Sichuan 301 Hubei 297 Hebei 259
Hubei 293 Hunan 278 Hunan 245
Hunan 282 Sichuan 243 Liaoning 235
Jiangxi 220 Guangi 236 Guangxi 1.96
Guangsi 218 Shansi 233 Zhejiang 150
Shansi 163 Zhejiang 184 Shanxi 159
Shaanxi 152 Jiangxi 168 Shaanxi 150
Zhejiang 140 Shaanxi 144 Xinjiang 142
Fujian 127 Fujian 133 Guangdong 115
Guangdong 122 Guangdong 121 Fujian 112
Guizhou 102 Guizhou 117 Jiangxi 109
Xinjiang 114 Chongging 108
Yunnan 106
Total 9659 Total 97.07 Total 97.46
2010 2015 2020
Provinces Production concentration Provinces Production concentration Provinces Production concentration
Heilongjiang 3993 Heilongjiang 4033 Heilongjiang 4695
Inner Mongolia 9.69 Inner Mongolia 1025 Inner Mongolia 1198
Anhui 682 Anhui 744 Sichuan 517
Jilin 585 Sichuan 622 Henan 477
Henan 545 Jiangsu 380 Anhui 474
Sichuan 396 Henan 378 Jilin 328
Jiangsu 378 Yunnan 331 Shandong 283
Shaanxi 291 Shandong 266 Jiangsu 265
Shandong 244 255 Yunnan 237
Guizhou 207 247 Hubei 181
Yunnan 200 Jiangxi 188 Hunan 159
Hubei 180 Zhejiang 179 Jiangxi 142
Liaoning 171 Hunan 178 Liaoning 122
Hebei 151 Chongging 152 Shaanxi 121
Hunan 147 Shaanxi 128 Guizhou 114
Jiangxi 118 Hebei 124 Hebei 114
Chongging L12 Shansi 118 Zhejiang L1
Guangxi 103 Liaoning 109 Shanxi 106
Guangi 109 Chongging 103
Guizhou 108
Gansu 102
Total 9473 Total 97.74 Total 97.44

Data source: calculated from relevant data in China Statistical Yearbook 19962021
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[ Soybean
Industry

Promulgation
time

‘ Objectves l

Specific details

Planning

Soybean
Revitalization

Program

‘The 14th Five-Year
Plan and Outline of
‘Vision 2035

National Conference
of Directors of
Agricultural and
Rural Departments

‘The Fourteenth Five-
‘Year Plan" National
Plantation
Development Plan

Central 1 in 2020,
2021, and 20:

2019315

2021312

20211229

Beginning
ofeach
year

‘Promote China's soybean production to
expand, increase production, improve
quality and green

‘China's soybean planting area strives to reach 140 million
‘mu in 2020; the average yield of mu strives to reach 135 kg

Strictly adhere o the red line of 18 billion
‘mu of arable land: build 1.075 billion mu of
concentrated and contiguous high-standard
farmland: in-crease the mechanization rate
of crop cultivation, planting, and harvesting

‘Grain production capacity greater than 650 million tons in
2025

0 75%
Tackle challenges in growing soybean oilsceds by restoring
Under the premise of ensuring food soybean cultivation in the four northeasten provinces and
security around the two botton lines, supporting composit planting in the com-soybean belt,
grasp the "four vital things” including the north-vwest, Huang Huaihai, southwest, and

middle and lower reaches of Yangtze River, and other regions

Increase soybean oil production capacity
and self-sufficiency

Oilsceds aim for 25 million mu expansion: arget 50 million

‘mu for com-soybean compound planting by 2025 (equivalent

to.2 25 million mu soybean arca): cultivate soybeans on saline

land: achieve 160 million mu of soybean sceding arca and 23
million tons of production

Stabilize grain sown area and increase
production per unit area as the keynote

Stable surface yield" depends on enhancing corn-soybean
strip compositing, grain and bean subsidies, saline land bean
development, and more
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Variable Model(25)  Model(26)

Digital agricultural technology services 0.509%4%

(0.125)
Digital agricultural technology service 0.503%+%
Effectiveness (0.088)
Control variable Yes Yes
sample size 214 214
R 0.153 0.266

“, * and *** indicate significance at the10, 5 and 1% level, respectively. Robust standard
errors are in parentheses.
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farmers literacy farmers
(21) 22)
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78 136
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¥ ** and *** indicate significance at the10, 5 and 1% levels, respectively. Robust standard errors are in parentheses.
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Variables NNM KM RM
Levelof  No.of No. of Level  No.of  No.of ATT Level  No.of No.of

hidden treated controls of treated controls of treated control
bias hidden hidden
bias bias

Seed and seed treatment 108+ 1310 225-230 800 196 127.99%% 877 | 265270 800 355 11608%* 1499 245-250 800 355
cost (INR/acre)

Land preparation cost —2707%%% | 6415 | 210-215 800 196 -270646%F% | 9622 245-2.50 800 355 —271067%%% | 4145 | 230-235 800 355
(INR/acre)
Fertiliser application —19057 | 8681 | 185-190 800 196 -27953 | 6288 215220 800 355 47929 | 5606 | 200-2.05 800 355

cost (INR/acre)

Weed management cost | —150.28%* | 2621 | 2.00-2.05 800 19 —13301% 1636 255-2.60 800 355 —23281%% | 1781 | 245-2.50 800 355
(INR/acre)

Pestmanagement cost  ~175.66%* 2462 175-180 800 196 —10881%% | 2587 | 240-245 800 355 S21819%% 1694 | 215-220 800 355
(INR/acre)

Harvestingcost (INR/~ ~728.06%*  60.82  2.30-235 800 196 —60229%% | 7183 285-2.90 800 355 —61865 | 669 | 230-235 800 355
acre)

Irrigation cost (INR/ 18037+ 2334 215-220 800 19 18429% 19903 230-235 800 355 16301% 2183 | 255-260 800 355
acre)

Man-daysfacre ~959% | 020 195-200 800 196 —938F 0284 | 245-250 800 355 —9675%% | 0093 | 245-250 800 355
Yield (Q/acre) 273455 023 180-185 800 19 244570 021 260-265 800 355 2405 028 235-240 800 355
Cost of cultivation ~358212%%% | 55172 215-2.20 800 196 S317.91% 27138 2.25-230 800 355 —3980% | 23290 | 2.55-2.60 800 355
(INR/acre)

Net return (INR/acre) 83854 171592 210-215 800 19 §758%5F 95486 2.60-265 800 355 798545 162192 2.75-2.80 800 355

“ssignificant at 5% ***significant at 1%
Source: Authors' calculations using the survey data.
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Variables SE Marginal effect
Age ~0.113 0012 0.001 ~0.038
Education 0043 0.01 0.001 0014
Gender ~0.047 0215 0826 ~0016
Household size ~0073 0031 0019 ~0.024
Membership in farmers organisation 0413 0.104 0.001 0.139
Farm experience 0114 0012 0.001 0.038
Distance to market ~0.144 0051 0.005 ~0.049
Institutional loan 0508 0.161 0.002 0171
Crop insurance 0345 0215 0.109 0.116
Assured irrigation 0.041 0.087 0.631 0014
Livestock 0.021 0.108 085 0.007
Farm size (acre) 0.265 0032 0.001 0.089
Smartphone ownership 0,068 ol 0543 0023
experience 0671 0117 0.001 0.225
Risk averse 0378 0.087 0.001 0.127
Extension services 0248 0.109 0023 0.083
Previous year selling price ~0.0003 0.001 0.389 ~0.0001

Source: Authors’ calculations using the survey data.
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Variables ZT maize adopters ZT maize non-adopters Mean

Mean SE Mean SE dlffleerse‘nce

Seed and seed treatment cost (INR/acre) 3,089 732 2975 21 0001
Land preparation cost (INR/acre) 2247 873 4982 49.24 0001
Fertiliser application cost (INR/acre) 5135 6438 5629 13,53 0.001
Weed management cost (INR/acre) 1,598 2555 1836 3454 0001
Pest management cost (INR/acre) 2235 4546 2446 59.67 0.006
Harvesting cost (INR/acre) 4574 6033 5108 95.15 0.001
Irrigation cost (INR/acre) 1356 914 1,190 3 0001
Man-daysfacre 2789 0072 376 011 0001
Yield (Quintal/acre) 3086 024 2939 035 0.006
Cost of cultivation (INR/acre) 20231 13349 24,170 2539 0001
Net return (INR/acre) 39.238 489 32,191 654 0.001
Age (Years) 4489 054 481 093 0.002
Education (Years) 702 015 5.68 019 0001
Gender 096 001 095 001 0759
Household size 391 005 407 007 0.061
Membership in farmers organisation 029 002 018 002 0001
Farm experience (Years) 27.11 054 2619 082 0335
Distance to market (km) 176 003 195 005 0.001
Institutional loan 013 001 005 001 0001
Crop insurance 006 001 003 001 005

Assured 049 002 046 003 0399
Livestock 079 001 079 002 0995
Farm size (acre) 266 0.08 149 006 0001
Smartphone ownership 051 001 081 002 0939
Prior experience 091 001 075 0.02 0.001
Riskaverse 064 002 045 003 0001
Extension services 2712 054 2619 052 0335
Previous year’s selling price 1927 361 1922 505 042

Source: Authors’ calculations using the survey data.
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Crop

Maize

Durum wheat

Wheat

Soybean

Durum wheat

Maize

) Wheat
b) Rice

Winter wheat

Summer maize

Yield response

Improved

Reduced

Improved

Reduced

Improved

Insignificant change

2) Improved

b) Insignificant change

Improved

Improved

Findings

‘The zero-tllage approach of maize cultivation demonstrated a 7.72% increase in maize yield
40% rise in net income

11.12% reduction in cultivation cost

Adropin yield 8.5%

Reduction in durum wheat quality

ZT enables the establishment of enduring soil cover, preserving soil moisture, particularly in
areas where rainfall s scarce and erratic during grain filling.

Consequently,this practice contributes to the enhancement of wheat production.

ZT treatments resulted in a 24% decrease in soybean yield compared to the tilled treatment
27% reduction in profitability per hectare

Productivity per hour was 25% higher in ZT treatments than in tilled soybeans.

Soil erosion was also reduced by nearly 90% in ZT treatments.

ZT effect was significantly positive on grain yield, yield components, and grain quality

parameters when accompanied with faba bean in the rotation system.
ZT system did not provide significant gain in crop yield

Zone tillage instead of zero tllage did not produce substantial improvement n yicld
Implementing zero tllage technology has a positive and statistically significant effect on

wheat production and family

come.

Rice output is shown to be statisically insignificant
‘Adoption of zero illage technology ak

around 8-10%

ates poverty among rural households by

‘Adopting no-tllage practices in drought-prone regions has enhanced the soil’s abiliy to
conserve and store water, ultimately leading to 2 more balanced relationship among different

yield components and an increase in the overall yield.

Cultivate summer maize using ZT to promote plant growth and achieve favorable yield.
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Stage 2B: Impact assessment and robustness check
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S Zios Zare Teos T and X represent the estimated results of the first two diagonal elements of the posterior distribution respectivelys P-M, P-SD, CD, and IF are short for posterior
mean, posterior standard deviation, convergence diagnostic and invalid factor respectivelys 95%-L is the lower limit of 95% confidence interval, and 95%-U is the upper limit of 95%

confidence interval.
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Variables  Defi

n of variables

MTEP “Total factor productivity of maize (log)
DID Policy variable of MPPR
Gender Sex of household (male =1, female=0)
Age Age of household (years)
Education  Educational level of household (years)
- Health status of houschold (excellent = 1, good =2, moderate
incapacitated =5)
“Train ‘Whether the household has a professional training in agriculture (yes=1, no=0)
Farmland Area of land under cultivation operated by households at the beginning of the year (mu)

Familylabor  Number of family laborers (persons)

Income Family’ total annual income (log)
Party Whether the family is a party member household (yes= 1, n0=0)
Internet Internet access in the family (yes=1, no=0)

mu is a Chinese unit. 1 hectare is equivalent to 15 mu.
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Outcome variables Type of farmer and Decision stage
treatment effect

To participate in ZT Not to participate in

maize farmi ZT maize farming
Seed and treatment cost ZT maize adopting farmers (ATT) 2,99 2944 s2%%
ZT maize non-adopting farmers (ATU) 2932 2889 a3
Heterogeneous effect 64 55 9
Land preparation cost (INR/acre) ZT maize adopting farmers 2122 4539 —217%%
ZT maize non-adopting farmers 2349 4831 —2452%%
Heterogeneous effect -227 -292 65
Fertiliser application cost (INR/acre)  ZT maize adopting farmers 5292 5488 -196
ZT maize non-adopting farmers 5356 5,548 -192
Heterogeneous effect 64 -60 -4
Weed management cost (INR/acre) 2T maize adopting farmers 1,636 1768 [E
ZT maize non-adopting farmers 1,680 1796 B
Heterogeneous effect —4 -28 -16
Pest management cost (INR/acre) 2T maize adopting farmers 2196 2325 —129%
ZT maize non-adopting farmers 2241 2356 BB
Heterogeneous effect -5 -31 -14
Harvesting cost (INR/acre) 2T maize adopting farmers 4485 4,947 —462%
ZT maize non-adopting farmers 4579 5091 5125
Heterogeneous effect -94 -144 50
Irrigation cost (INR/acre) 2T maize adopting farmers 1,300 1,242 S
ZT maize non-adopting farmers 1276 1,225 BE
Heterogeneous effect 2 7 7
Man-days/acre ZT maize adopting farmers 2893 3583 69w
ZT maize non-adopting farmers 2968 37.16 —7.48%+%
Heterogeneous effect -075 -133 058
Yield (Quintal/acre) ZT maize adopting farmers 2756 2581 175%%
ZT maize non-adopting farmers 27.18 2521 197+
Heterogencous effect 038 06 ~022
Cost of cultivation (INR/acre) ZT maize adopting farmers 20,541 23,432 —2891+
ZT maize non-adopting farmers 21,088 23,967 —2879%+
Heterogeneous effect -547 -535 -12
Net return (INR/acre) 2T maize adopting farmers 39,449 33,045 6404%++
2T maize non-adopting farmers 37,189 31276 5913+
Heterogeneous effect 2260 1769 491

“*Significant at 5% level; ***Significant at 1% level
Source: Author's calculations using the survey data.
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\ELELIES Modell

DID 0.032%** (0.011)
Control variables Yes
Individual fixed effect Yes

Time fixed effect Yes
Village fixed effect Yes

_cons 33774+ (0.099)
R 0014

N 42,507

***Indicates a significance level of 1%.

Model2
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\ELELIES Modell

DID 0.127%%* (0.015)
Control variables Yes
Individual fixed effect Yes

Time fixed effect Yes
Village fixed effect Yes

_cons 344457 (0.116)
R 0015

N 33,655

***Indicates a significance level of 1%.
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DID 0.123%+% (0.024) 0046+ (0.012) 0.004 (0.009) —0.056*+* (0.013) ~0.127+#+* (0.021)
Control variables Yes Yes Yes. Yes Yes
Individual fixed effect Yes Yes Yes Yes Yes

Time fixed effect Yes Yes Yes Yes Yes
Village fixed effect Yes Yes Yes. Yes Yes

_cons 2514%44(0.317) 3.6004+(0.172) 4.022++% (0.105) 4.159%+% (0.110) 44954+ (0.116)
R 0.004 0.004 0.003 0.005 0.008

N 41,841 41,841 41,841 41,841 41,841

***Indicates a significance level of 1%.
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***Indicates a significance level of 1%.

Model2

0.067%%* (0.012)

3518%#* (0.110)
0016

30,043





OPS/images/fsufs-08-1361478/fsufs-08-1361478-e004.jpg
s





OPS/images/fsufs-08-1349765/fsufs-08-1349765-t006.jpg
\ELELIES Modell

DID —0.057*** (0.015)
Control variables Yes
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WEST Total

NTER LITTORAI

Transportation 34% 30% 33% 97%
difficulties

High transportation 28% 28% 25% 81%
costs

Lack of finance or 13% 25% 28% 66%
credit

Risk of quality 8% 9% 12% 29%
deterioration

Frequent price change 3% 4% 4% 11%

Source: Author's conceptualization from survey data, 2022.
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Dependent variable (Market Type) :

Variables Village market (1)  Central market (2)

Regional location of the market

Littoral 430.396"** (0.00003) 51.981*** (0.00003)
West —279.914***(49.411) 70.075%** (0.000)
Marketers’ type

Wholesaler —110.518*** (0.000) 40.200*** (0.000)
Retailer —68.737 (0.000) —4.565*** (0.000)
Gender 35.286 (100.265) 24.725"** (0.083)
Age —1.810 (2.930) —1.315 (3.306)
Marital status

Single 91.478** (0.504) —17.471*** (0.000)
Divorced 3.966** (0.000) 3.892*** (0.000)
Widow 375.949** (20.539) 40.164*** (0.083)

Level of education

Primary —1.448** (0.00003) 46.080*** (0.00003)
Secondary (Ist cycle) 153.726%* (28.276) —72.266** (0.083)
Secondary (2nd cycle) —200.417%* (0.504) —13.060"** (0.000)
Higher education 70.284*** (18.187) 37.126™* (0.000)

Household size —3.207 (20.953) 0.599 (2.066)

Region of origin

East region 157.343*** (0.000) 19.458*** (0.000)
West region —108.471*** (18.648) —23.181*** (0.000)
Adamawa region 34.128*** (0.00003) 2.479%* (0.00003)
Southwest region 83.778"** (0.000) —10.923*** (0.000)
Northwest region 18.565*** (0.000) 3.795*** (0.000)
North —1.583%* (0.000) 106.930%** (0.000)
No. of income earners 65.600*** (18.052) 2.682*** (0.165)
in household

Access to credit —388.731*** (28.277) —27.407*** (0.083)
Group membership 298.918%* (21.163) 6.888*** (0.083)

Sources of income

Trade 111.734 (69.467) $1.130** (0.083)

Private employment —1.583*** (0.000) 106.930*** (0.000)
Civil service 83.381*** (18.187) —66.773*** (0.000)
Access to market 1.539***(0.289) —0.445 (0.826)

Type of cassava stock

Dry cassava chips —1.583*** (0.000) 106.930°** (0.000)
Cassava flour 47.544 (69.467) 32.722%** (0.083)
Garri —77.940* (30.825) 32.835"** (0.00003)
Cassava leaves 459.602*** (0.000) —7.994*** (0.000)
Log (M.price) —109.199** (47.205) —29.603*** (0.383)
Constant 355024 (9.664) 5.542%** (0.083)
Akaike Inf. Crit. 128.002 128.002

Standard errors in parentheses. *p < 0.1; **p < 0.05; ***p < 0.01. Source: Author’s
conceptualization from survey data, 2022.
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qua qua
Between groups 82.000 2 41.000 74.000 0.000
Within groups 103.000 185 0.000

Total 186.048 187

Source: Author’s conceptualization from survey data, 2022.
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Category of sales  Frequency Proportion of Cumulative Amount Proportion Cumulative

sellers (X) proportion of sold (Y) proportion
sellers sold daily
2,750-3,750 30 022 022 97,190 0.13 0.13 0.028
2,751-4,751 40 029 051 166,035 021 034 0.060
4,752-5,752 8 0.06 057 45,820 0.06 04 0.0036
5,753-6,753 1 0.009 058 5,800 0.009 0.409 0.000081
6,754-7,754 15 0.11 0.69 114,580 0.15 0559 0.01
7,755-8,755 43 031 1 331,255 0.44 1 0.13
TOTAL 137 1 760,680 1 024

Source: Author’s conceptualization from survey data, 2022. G = 1-0.24 = 0.76. HHI = 0.28.
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Category of sales  Frequency Proportion of Cumulative Amount Proportion Cumulative

sellers (X) proportion of sales (Y) proportion
sellers sales daily
450-650 73 03 03 39,685 026 026 0.078
651-851 53 027 057 38,081 025 051 0.067
852-1,052 2 011 0.68 2,035 0.01 052 0.001
1,053-1,253 30 015 083 34,352 023 075 0.034
1,254-1,454 26 0.14 097 33,965 022 097 0.030
1,455-1,655 5 0.03 1 7,520 0.03 1 0.0009
TOTAL 189 1 155 638 1 021

Source: Author’s conceptualization from survey data, 2022. G = 1-0.21 = 0.79. HHI = 0.23.
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Variables Wholesaler Retailer

Freq % Freq
CENTER 58 42 43 23
LITTORAL 55 40 56 30
WEST 24 18 90 17

Source: Author’s conceptualization from survey data, 2022.
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Variables Terms Centre West tal
Age of head of household Mean 36 53 41
Minimum 20 40 26
Maximum 51 65 66
Household size of vendors Mean 10 11 6
Minimum 1 2 1
Maximum 80 25 68
Household gender Men 42% 2% 43% 29%
Women 30% 84% 43% 53%
Missing 29% 15% 13% 19%
Marital status Married 36% 29% 26% 30%
Single 31% 1% 27% 19%
Divorce 3% 0% 15% 6%
Widower 2% 56% 19% 26%
Missing 29% 14% 13% 18%
Level of education of the head of household | None 6% 0% 2% 2%
Primary 12% 27% 3% 14%
1st cycle secondary 25% 59% 1% 28%
2nd cycle secondary 21% 9% 65% 32%
Superior 11% 0% 17% 9%
Missing 26% 5% 13% 14%

Source: Author’s conceptualization from survey data, 2022.
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g f g

Indicators
Std. Err. t stata Coef. Std. Err. t stata Coef. Std. Err. t stata

Constant —25367.39 9543.09 0.013 -2,142,117 1,204,458 0.087 ~2,166,065 3,107,502 0492
P 18.18235 6546705 0.010 987.0835 417.3616 0.026 1233331 1459781 0407
A - B - - - - —62.1788 8071891 0449
A - - - - - - 5765232 73759.01 0442
As —1.134745 0.7449869 0.140 ~61.8079 46.25253 0.193 ~17.7248 1633193 0.289
i 1.148807 0254927 0.000 1.202565 0311073 0.001 0355464 0.204432 0.095

8208, R} 207738, and RE =03383.
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qua quare
Between groups 320.000 2 160.000 246.000 0.000
‘Within groups 87.000 135 0.000
Total 408.000 137

Source: Author’s conceptualization from survey data, 2022.
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2017 2018 Total

Lijiang city 97 100 107 107 a1
Dali Baizu autonomous

100 100 100 100 400
prefecture
Dehong Dai and Jingpo

© g 100 100 100 100 400

autonomous prefecture
Wenshan Zhuang and

101 102 103 103 409
autonomous prefecture
Zhaotong city 99 104 104 104 an
Puer city 199 201 204 199 803
Qujing city 100 9 100 9 398
Honghe Hani and Yi autonomous

100 100 104 9 403
prefecture
Diging Tibetan autonomous

100 100 107 107 414

prefecture

Total 996 1,006 1,029 1,018 4,049





OPS/images/fsufs-09-1419410/fsufs-09-1419410-g002.jpg





OPS/images/fsufs-09-1419410/fsufs-09-1419410-g001.jpg
Income

The proportion of
low human capital
groups in
industrial

assistance targets





OPS/images/fsufs-09-1419410/fsufs-09-1419410-e006.jpg
max x; — min x;

Isi<m ©Isism

2





OPS/images/fsufs-09-1419410/fsufs-09-1419410-e005.jpg





OPS/images/fsufs-09-1419410/fsufs-09-1419410-e004.jpg





OPS/images/fsufs-09-1419410/fsufs-09-1419410-e003.jpg





OPS/images/fsufs-09-1419410/fsufs-09-1419410-e002.jpg





OPS/images/fsufs-09-1419410/fsufs-09-1419410-e001.jpg
Target; = C + J x Ratioy + ax Controly +V; + i

(1)





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e009.jpg





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e008.jpg





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e007.jpg
4 jikt





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e016.jpg





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e015.jpg





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e014.jpg





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e013.jpg





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e012.jpg
q jikt





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e011.jpg





OPS/images/fsufs-09-1431945/fsufs-09-1431945-e010.jpg





OPS/images/fsufs-09-1419410/fsufs-09-1419410-t003.jpg
Regression 1 Regression 2

Group: poverty household Group: poverty and marginal
household
Dependent variable: Lnincome Dependent variable: Lnincome
IndUSHYiency ~0791%%%
(0.157)
NS Y —1.497%%
(0.405)
HHethic ~0a71 onz
(0.309) (0613)
HHgender 0228 0317
©194) 0333)
HHedu 0.061 0,099
(0.061) (0.117)
HHage 0.004 ~0001
(0.006) 0012)
HHhealth ~0046 -0.027
(0.059) (0.126)
Size 0,104+ ~0014
(0.044) (0.094)
Ratioy, 0.081 0131
(0281) 0601)
Lage 0.016* ~0.003
(0.009) (0.019)
Ledu 0.071 0051
(0.014) (0.082)
Lhealth 0276 012
(0.133) (0.269)
Lomedical ~0.029%+% 0057+
(0.005) 0.010)
Infrastructure ~0.162%4 ~0.139%+*
©031) ©051)
Constant 7.077%%% 86367+
(0591) (1231)
Observations 2960 1480
Cross-sectional observations 740 710
R within 00469 00547
R between

R overall

Hausman test

Standard errors are reported in parentheses. *p < 0.10, **p < 0.05, **%p < 0.01
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Variable Variable definition Obs Mean Std. Dev.

Logarithm of per capita disposable income (CNY) (base period 2016,
Lnincome 2,960 8.88 133
excluding CPI deflator)

IndeX ey Income fluidity index * 2220 -0.02 099

Percentage of households listed under the poverty registration scheme
Industryonen, 2960 o 0.22
among those receiving industrial assistance in the village

Percentage of vulnerable houscholds (groups listed under the poverty
registration scheme or slightly above the poverty line but at higher risk of

ISt 1,480 013 0.16
falling back into poverty in case of adverse shocks) among those

receiving industrial assistance in the vllage

Does the head of the household belong to an ethnic group that directly
HHethic 2,960 027 045
entered socialism? Yes = 1,0 =

HHgender Gender of household head: Male = 1,0 = Female 2,960 0.90 031

Educational attainment of head of houschold: no schooling = 1, primary

school = 2;junior high school = 3; high school/sccondary school = 4;
HHedu 2,960 211 0.67
university college = 5; university undergraduate degree = 6; postgraduate

degree=7
HHage Age (year) 2960 4890 1190
HHhealth Health status of household head: healthy = 1, fair = 2, unhealthy = 3 2960 136 071
Size Total size of the houschold 2960 425 158
Ratioy, Ratio of the labor force to the total number of households 2960 068 023
Lage Average age of labor force (years) 2960 3756 659

Average educational attainment of the labor force: no schooling

primary school = 2; lower secondary school = 3; upper secondary
Ledu 2,960 341 128
school/secondary school = 4; university college = 5; university

undergraduate degree

postgraduate degree

Average health status of the labor force: healthy = 1, fair =2,
Lhealth 2,960 110 031
unhealthy =3

Log of health care expenditures (CNY) (base period 2016, excluding CPI
Lomedical 2,960 362 583
evaluation index)

Satisfaction with the condition of roads to and from the village: very
Infrastructure R 2960 161 093

satisfied = 1, satisfied = 2, fair = 3, dissatisfied = 4, very dissatisfied = 5
 Since income mobility needs to be oblained by comparing the current period with the lagged period, the income mobility index of 2017 is missing. © According to the Interim Measures of
the State Council on Resettlement of Old, Weak, Sick, and Disabled Cadres, Interim Measures of the State Council on Retirement and Refirement of Workers, and the Law of the Peoples
Republic of China on the Protection of Minors, this study restricted the age of the labor force to 16 years or above and below 60 years. @ Since Yunnan province did not introduce the relevant
policy details of marginal household standards in 2017 and 201, the variable the ratio of poor o marginal households with established cards among the targets of industrial assistance in the
village” had only 1,490 samples.
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Regression 5 Regression 6

poverty household Group: poverty and marginal

household
Dependent variable: Gini Dependent variable: Gini

IndUSHYiency 0,050

(0.010)
NS Y 0,065+

(0.010)

Constant 032874 03230

(0.003) (0.003)
Observations 80 50
Cross-sectional observations 20 2
R within 00059 00119
R between 00249
R overall 00141
Hausman test Prob > chi? = 0.0000

Standard errors are reported in parentheses. *p < 0.10, **p < 005, ***p < 0.01
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Regression 3 Regression 4

poverty household Group: poverty and marginal
household
Dependent variable: IndeXmobiity Dependent variable: IndeXmopiiy
IndustrYiency 0.860%+
0.251)
IS Y 22130
(0.237)
HHethic ~0301 0.002
(0.254) (0.146)
HHgender 0.188 0.138
(0265) (0.196)
HHedu 0161 ~0.044
(0.117) 0.097)
HHage 0.005 ~00002
(0.006) (0.006)
HHhealth ~0081 0.067
(0.088) (0.086)
Size ~0.087+* 0016
(©041) (0.039)
Ratioy, ~0.124 ~0053
(0.280) (0271)
Lage ~0001 -0.017
0.011) (0.010)
Ledu 0.086 0035
(0.065) (0.057)
Lhealth 0.146 0083
(0173) (0.167)
Lomedical 0,007 0001
(0.010) (©.011)
Infrastructure 0.067 ~0.079*
(0.067) (0.045)
Constant ~0754 ~0.594
(0.650) (0.579)
Observations 204 190
R within 00743 01109
R between 0.1554 0.4868
R overall 0.2003 04122
Hausman Test Prob > chi? = 0.0173 Prob > chi®

Standard errors are reported in parentheses. *p < 0.10, **p < 0.05, **%p < 0.01
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Characteristic indicators  Meaning of indicators
Male
Gender
Female
20years and under
21 to 30years
Age 31 to 0years
41t 50years
51 years and above
Education Junior high school and below
High school
Undergraduate
Master's degree or above
Average monthly income Less than 3,000 RMB
3,000 (including) - 6,000 RMB
6,000 (including) - 9,000 RMB
9,000 (including) - 12,000 RMB
12,000 (including) - 15,000 RMB

More than 1,500 RMB

2

334

101

45

347

102

146

121

17

59

2

27

Percentage (%)

36.768

63.232

5.657

67.475

20404

3838

2626

0202

9.091

70.101

20,606

29.495

24444

23.636

11919

5.051
5455

495

495

495

495
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Variable Purchasing intention Perceived information Purchasing intention

processing fluency

Independent Model 1 Model 2 Model 3
variables Message framing —0.725%%* —0.374%5% —0.582+%%
(0.125) (0.104) (0.120)
Controllability attributions 03867 ~0.127 ~0338%
(0.126) (0.105) (0.120)
Message framingxControllability 1003+ 0350 0.870%%
stubutions 0181) (0150) 0172
Mediation variable  Perceived information processing 0381
fluency (0.048)
Control variables  Gender ~0.098 0133 ~0.148
(0.103) (0.086) (0.098)
Age 0.004 0.004 0003
(0.007) (0.006) (0.006)
Education 0045 0032 0033
(0.069) (0.058) (0.066)
Average monthly income 0,062 (0.035) ~0.023 (0.029) 0.071% (0.033)
Risk perception ~0092%+ ~0.108% ~0.051%+%
(0.038) (0.032) (0.037)
Taste inference 0,663+ 0.150+%% 0.605%++
(0.050) (0.042) (0.048)
Constant term 1880 4886+ 0016
(0555) (0.461) (0576)
R 0397 0.108 0458
F 41374 7632 47641

Message framing: 0=gain-framed message, 1 = oss-framed framed; 2. Controllability attributions +level controllabilty attributions, 1 =low-level controllability atributions; 3.
denotes p-value less than 0.05, ** denotes p-value less than 0.01, *** denotes p-value less than 0.001. 4. Values in parentheses are standard errors.






OPS/images/fsufs-09-1431945/fsufs-09-1431945-e043.jpg





OPS/images/fsufs-07-1334476/crossmark.jpg
©

2

i

|





OPS/images/fsufs-08-1416142/fsufs-08-1416142-t004.jpg
Conditions umbers Mean Gender

Loss-framed message + Low-level control lability attributions 144 28750 (3.425) 0757 (0.430)
Loss-framed message + High-level controllability attributions 143 27336 (7.947) 0769 (0.423)
Gain-framed message + Low-level controllability attributions 141 27.667 (7.858) 0.674 (0.471)
Gain-framed message + High-level controlLability attributions 147 27.863 (7.569) 0.748 (0.435)

ale, 1= femal;The values in parentheses are standard deviations.
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Characteristic indicators  Meaning of indicators
Male
Gender
Female
20years and under
21 to 30years
Age 31 to 0years
41t 50years
51 years and above
Junior high school and below
High school
Education
Undergraduate
Master's degree or above
Less than 3000RMB
3,000 (including) - 6,000 RMB
6,000 (including) - 9,000 RMB
Average monthly income
9,000 (including) - 12,000 RMB
12,000 (including) - 15,000 RMB

More than 1,500 RMB

Frequency

151
424
39
380
108
34

76
393
106
208
17
1
74
33
32

Percentage (%)

26261
73739
6783
66.087
18783
5913
2434
0.000
13217
68.348
18435
36174
20348
19304
12870
5739

5565

575

575

575

575
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Conditions Numbers Mean Gender

Loss-framed message + Low-level control lability attributions 123 27,090 (7.273) 1.650 (0.479)
Loss-framed message + High-level controllability attributions 125 27.960 (7.263) 1.696 (0.462)
Gain-framed message + Low-level controllability attributions 123 28.024(7.715) 1.569 (0.497)
Gain-framed message + High-level controlLability attributions 124 28250 (3.400) 1613 (0.489)

ale,

.male. The values in parentheses are standard deviations.
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Input category

Seed (Kgs)
Land preparation
Plow (No.)
Planking (No.)
Rotavator (No.)
Laser leveler (No.)
Deep plow (No)
Fertilizer (one bag=50kg)
Urea (Bags)
DAP (Bags)
NP (Bags)
Other (Bags)
FYM (No of trollies)
Irrigation (No.)
Canal (No.)
TW (No))
C+TW (No)
Thinning (No,)
Spray
Weedicide (No.)

Pesticide (No.)

7.41%%

2514
167%

095"

125

019"

221%%
144%
0.54%
030

1817

498"
7.44%%
L

1.08%

0.69%*

5.87+%

Cotton farmers

**%p<0.01, **p<0.05, and *p<0.10, ns=non-significant,respectively, for paired sample t-test assuming unequal variances.

Source: Calculations from the author's own data collected through a survey of farmers.

986+

382%%
3.02¢
110"

030°*

0147

350%%
261%
0.09%
005"

011+

510"
10.16%%
2.78%

0.02¢

198+

9.02¢%
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Socio-economic and farm indicators Mean Std. Deviati

Pair 1 AGE® - AG ~0.12¢ 081
Pair 2 EDUCATION® - EDUCATION® 267%% 115
Pair 3 FARMING EXPERIENCE" - FARMING EXPERIENCE® 072 0.09
Pair 4 FAMILY MEMBERS" - FAMILY MEMBERS® ~0.04* 015
Pair 5 TOTAL LAND® - TOTAL LAND® 074" 019
Pair 6 LAND UNDER COTTON® - LAND UNDER COTTON® 020%* 003

=$CR,C=CCP ##p<0.05 and *p<0.10, ns = non-significant, respectivly,for paired sample (-test assuming unequal variances.
Source: Calculations from the author’s data collected through a survey of farmers.
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cts Sul tricts (Teh: Total rural households Sample
Bahawalpur Ahmadpur East 138,432 188
Rajanpur Rajanpur 63,769 87
Total 2 202 275
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Adaptations Not doing = 0 Not doing but Somewhat doing=2  Doing fully =3
considering =1

Labor cover head properly 16(8.0) 63(31.3) 85(423) 37018.4)
Picking start after sunrise 4120.4) 7135.3) 62(308) 27013.4)
Picking from bottom up 4(2.0) 14(7.0) 92(45.8) 91(45.3)
Start picking after 50% bolls open 0(0) 12(6.0) 87(433) 102(50.7)
Storage at dry place 20.0) 15(75) 94(46.8) 90(44.8)
Store cotton on cloth or sheet 14(7.0) 59(29.4) 104(51.7) 24(119)
Store cotton variety wise 125(622) 5125.4) 21(10.4) 4(20)

Store cotton in small heap 135(67.2) 20010.0) 36(17.9) 10(5.0)

Cover cotton heap properly 24(11.9) 45(22.4) 86(42.8) 16(229)

Source: Calculations from the author's own data collected through a survey of farmers.
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Adaptations

Pesticide applied by skilled
and> 18 years old person

Protective and safety equipment
usage
Pesticide applied in proper

weather
Burying of used pesticide bottles
Split doses of fertilizer

Use of fertlizer by ridges
Fertigation

Use organic manures

Use compost

‘Thinning

Pest scouting

Use of Banned pesticide

Pest specific spray

Plant border crops.

Biological/botanical control

methods
Physical control methods
Cultural control methods

Keep pesticide at last option
Registered and labeled pesticide
use

Spray rotation

Spray according to real need

Use pesticide below the label rates

Apply fungicide before disease

occurs

Not doing=0 Not doing but Somewhat doing =2 Doing fully =3
considering =1
0(0) 15(75) 89(443) 97(48.3)
80(39.8) 97(48.3) 14(7.0) 10(49)
305) 73.5) 99(49.3) 92(45.8)
115(57.2) 68(33.8) 15(7.5) 3(1.5)
3(1.5) 22(109) 104(51.7) 72(35.8)
3(15) 6(3.0) 100(49.8) 92(45.8)
0(0) 42.0) 99(49.3) 98(48.8)
140(69.7) 42(20.9) 16(3.0) 3(15)
135(67.2) 55(27.4) 10(5.0) 1005)
18(9.0) 34016.9) 89(44.3) 60(29.9)
40019.9) 68(33.8) 70(34.8) 23(11.4)
190(94.5) 0(0) 9(4.5) 2(1.0)
15(7.5) 55(27.4) 120(59.7) 1(5.5)
177(88.1) 18(9.0) 5(25) 1005)
170(84.6) 27(13.4) 4(2.0) 0(0)
175(87.1) 2210.9) 420) 0(0)
153(76.1) 42(20.9) 6(3.0) 0(0)
143(71.1) 46(22.9) 10(5.0) 2(1.0)
91145.3) 76(37.8) 15(7.5) 199.5)
134(66.7) 52(25.9) 11(5.5) 4(20)
42(209) 58(28.9) 64(31.8) 37018.4)
18(9.0) 80(39.8) 83(41.3) 20(10.0)
76(37.8) 89(44.3) 28(139) 8(4.0)

Source: Calculations from the author’s own data collected through a survey of farmers.
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F (%)

Adaptations Not doing = 0 Not doing but Somewhat doing=2  Doing fully =3
considering =1

Cultivate on bed and furrow 43(21.4) 143(71.1) 13(6.5) 201.0)
Furrow irrigation 0(0) 0(0) 38(18.9) 163(81.1)
Practice water scouting 12(6.0) 19(9.5) 161(80.1) 9(4.5)
Soil nutrient testing 17(8.5) 102(50.7) 70(34.8) 12(60)
Fill furrow up to half 134(66.7) 42(20.9) 16(8.0) 9(45)
Adjustment in sowing time 34016.9) 37018.4) 123(61.2) 735)
Mulching 129(64.2) 65(32.3) 6(3.0) 1(0.5)
Green manuring 175(87.1) 2301.4) 3(1.5) 00)
Conversion of animal dung into 149(74.1) 44(21.9) 7(35) 1005)

organic manure

Source: Calculations from the author’s own data collected through a survey of farmers.
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F (%)

Adaptations Not doing = 0 Not doing but Somewhat doing=2  Doing fully =3
considering =1

Stress tolerant varieties 420) 17(8.5) 145(72.1) 3517.4)
Registered varieties 38(18.9) 3205.9) 89(44.3) 42(209)
Seed Treatment 2(1) 33(16.4) 95(47.3) 71(35.3)
Grading of own seed 145(72.1) 3105.4) 21(104) 42.0)
Gap flling 14(7.0) 23(11.4) 44(219) 120(59.7)
Planter sowing. 104(51.7) 94(46.8) 2(1.0) 1(0.50)
Use rotavator 3(1.5) 4(2.0) 20(10.0) 174(86.6)
Deep plowing 175(87.1) 15(7.5) 7(35) 3015)
Laserleveling 94(46.8) 52(25.9) 49(24.4) 6(3.0)

Source: Calculations from the authors data collected through a survey of farmers.
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Model B (SCP) Error B (CCP)

(Constant) 8303+ 0797 9.623%% 1572
Ln (Age) 0.060% 0003 0.011% 0.005
Ln (Education) 0.071%% 0019 0.051%% 0.006
Ln (Farming Experience) 0.042% 0.007 0.020% 0.008
Ln (Family Members) 002105 o011 0.041ns 0.022
yLn (Total land under cultivation) 0.119ns 0039 oon 0.004
Ln (Total land under Cotton) 0.018% 0005 0012%* 0022
Ln (Land Preparation Cost) 0,023+ 0.006 0018%* 0010
Ln (Seed and Sowing Cost) 0.042%% 0002 ~0.025ns 0015
Ln (Thinning and Weeding Cost) 0.027% 0.005 0019%* 0.003
Ln (Irrigation Cost) 0.015% 0.004 ~0.049%* 0.001
Ln (Fertlizer Cost) ~0.009% 0.003 ~0.071%% 0.043
Ln (Pesticide Cost) 0.012% 0.001 ~0.001%% 0023
Ln (Picking Cost) 0.020% 0.102 0.025ns 0.007
R 0.691 0710

##4p<0.01, *#p<0.05, and *p<0.1. Dependent Variable=InY =log of Yield.
Source: Calculations from the author's data collected through a survey of farmers.
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Cost and benefits Cotton farmers

Seed and sowing cost (Rs/acre) 478389
Land preparation cost (Rs/acre) 5971.82%%
Irrigation cost (Rs/acre) 3721247
Thinning and weed control (Rs/acre) 2999.7%%
Cost of fertilizer (Rs/acre) 5317.7%%
Cost of FYM (Rs/acre) 1505.23*
Cost of pesticide (Rs/acre) 5375157
Picking cost (Rs/acre) 15030.88*
Labor cost 11103.34"
Total cost 5580895
Yield (kgs/acre) 998,47
Price (Rs/kg) 103"
Total revenue/acre (Rs.) 794823+
Profit/acre (Rs.) 23673.35%
BCR 142¢

#%p<0.05 and "p<0.10, ns =non.-significant, respectively;for paired sample -test assuming unequal variances.
Source: Calculations from the author’s data collected through a survey of farmers.

5289.95%
7498.98+%
4468.18%%
2304.78%%
6543.43%%

1237.14%

7543.43%%%
1301001%
10711.76™
58607.66*

871.29%
102
71290.8+%

12683.14%%

121%
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Variables (1) (2) (€)] (4)

New agricultural Agricultural Contract signing Rental period
management entities cooperative

‘Trading methods 0.082++ (0.016) 0.084%+ (0.015) 0.458%+% (0.033) 04145+ (0.037)
Control variables YES YES YES YES
Village clustering standard

YES YES YES YES
error
Cons 0367 0291 0.226 ETR
Observations 2378 2378 1223 1220

Standard errors in parentheses
POy p<0.05; #+* p<0.0L
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Variables (1) (2)

(€)]

Cultivated crops

(4)

Cultivated
crops

(5)

Cultivated crops

(3]
Cultivated

7)
Cultivated

(8)

Cultivated crops

Cultivated Cultivated
crops crops
‘Trading methods ~0.072°%(0.034) ~0.051°%(0.023)
Control variables YES YES
Village cluste
S . YES YES
standard error
Cons. 0037 (0.436) 2.382444(0.472)
Observations 990 1382

Standard errors in parentheses
POy p<0.05; #+* p<0.0L

~0.093%%(0.023)

YES

YES

0.912%%(0.383)

1793

—0.001 (0.040)
YES

YES

1.498%+(0.721)

579

—0.075%*%(0.025)

YES

YES

0.037 (0.436)

1,398

crops
—0.022(0.031)
YES

YES

2.382%#%(0.472)

974

crops
—0.080%%(0.032)
YES

YES

0.912%%(0.383)
781

—0.064*¥%(0.024)

YES

YES

1.498%+(0.721)

1,591
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Variables (1) (2)

Cultivated crops Cultivated crops
Involvement of the village committee =0.066***(0.019)
Platform transaction - ~0.009 (0.032)
Control variables YES YES
Village clustering standard error YES YES
Cons 0.801%2#(0.305) 0.668*%(0.301)
Observations 2378 2378

Standard errors in parentheses.
€01 #% pLO.05; #H* £ <001
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Variables (1) (2) (3)

Cultivated crops (In Cultivated crops (In Cultivated crops
transferred plots) transferred plots)

Personal trading method - ~0.082+4(0.038)
“Trading methods =0.057%(0.032) = =0.072%%(0.034)
Control variables YES YES YES
Village clustering standard error YES YES YES
Cons ~3.492%#%(0.609) ~3514%4(0.603) 0,037 (0.436)
Observations 866 866 990

Standard errors in parentheses
P01y p<0.05; #+* p<0.0L
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\ELELIES

Non-grain production nearby

Xrent

Farmer-specific characteristics

Plot-specific characteri

s
Rental contract-characteristics
Region

Number of observation

The standard errors are in parentheses.
p<0.1, *p<0.05, ***p<0.01

Land rent of grain production

Small scale Medium scale

2208 EI

(285.014) (183.231)
026 002

(0.328) (0.338)
Controlled Controlled
Controlled Controlled
Controlled Controlled
Controlled Controlled

91 91

Large scale

330,00
(124381)
0.001
(0.122)
Controlled
Controlled
Controlled
Controlled
91
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Land rent of grain production

Relative or No personal
friends contact
229,63+ 583,29+

Non-grain production nearby

(75375) (166.056)

0.14 001

Xrent

0.079) (©011)
Farmer-specific characteristics Controlled Controlled
Plot-specific characteristics Controlled Controlled
Rental contract-characteristics Controlled Controlled
Region Controlled Controlled
Number of observation 203 70

The standard errors are in parentheses.
P01, *p<005, ***p<001.
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Variables Land rent of grain production

0
Kind=0 & GGP=0 (based)
©)
186.90%%%
Kind=0&GGP=1
(22572)
6345+
Kind=1&GGP=0
(29.061)
409,52+
nd=18&GGP=1
(123.309)
013
Xrent
(0.101)
Farmer-specific characteristics Controlled
Plot-specific characteristics Controlled
Rental contract-characteristics Controlled
Region Controlled

The standard errors are in parentheses.
PO, *p<005, ***p<001.
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Num. of plots per farmer owned Plot area (mu)

Average Max Min Average Max
Full sample 273 310 9 1 10853 1720 5
Gaoyou 84 442 9 1 7461 235 7
Jiangdu 40 2n 4 1 165.10 850 10
Jiangyan 44 259 6 1 174.66 1720 10
Xinghua 7 405 9 1 9123 370 15
Sihong 2 2 5 1 7318 550 5

I mu=666m’, 1 hectare =15 mu.
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Items

Outcome variable

Land rent of grain production
Key variables

Non-grain production nearby
Non-grain production®land rent
Demographics

Gender

Age

Education

Leadership in community

T

g experience
Experience in farming
Income from agriculture

Fan

y labor
Land quality
Higher quality

Me

m quality
Low quality

Distance between plot and home
Farm size

Contract characteristics

Form of rental contract

Fixed contract duration

Relationship between contract parties

Rental payment

ing of payment
Paid once during the contract duration
Once per year, before production

Once per year, after production

yuan/mu

0=no; 1

yuan/mu

0=female; 1 =male
year
year
0=no; 1=yes
0=no; 1=yes
year
10,000 yuan

person

kilometers

mu

0=written; 1= oral
0=no; 1=yes
0=no personal contact; 1 =relatives or friends

0=other means; 1= by cash

273

273

35

273

273

273

273

273

273

273

273

72

165

36

273

273

273

273

273

273

30

208
35

Mean

77225

013

93517

082

50.46

837

016

0380

7.67

353

204

10853

005

091

007

092

2637%

60.44%

13.19%

10.99%

76.19%

1282%

Std

22937

034

15561

039
7.04

036
040
454
626
148

263

14378

023
028
026

027
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Modell-1

Land rent of grain production

Modell-2

Modell-3

Modell-4

Non-grain production nearby

Xrent

Gender

Age

Education

Leadership in community

‘Training experience

Experience in farming

Income from agriculture

Household labor

Land quality-high

Land quality-medium

Distance between plot and

home

Farm size

Form of the rental contract

Fixed contract duration

Relationship between contract

parties
Rental payment

Timing of payment-once a
year, before production

Timing of payment-once a

year, After production

Region

Resquared

went is the cross term of kind and the land rent of non-grain production. The standard errors are in parentheses.

P01, *p<005, ***p<0.01.

238.94%%F
(89.251)
015

(0.095)

Controlled

0734

204.78%
(86.119)
0.15%
(0.092)
—a7.78%
(25.244)
—247%%
(1.176)
s
(2947)
—95.95%%*
(20.422)
6628+
(28912)
147
(1.999)
-108
(1.406)
~664

(5.639)

Controlled

0.776

258455
(85.636)
0.16*
(0.091)
—44.80%
(25.423)
—244%%
(1.176)
5894
(2944)
—91.45%5%
(20.955)
57925
(28.968)
087
(1.989)
~0.40
(1.445)
-8.42
(5.804)
52704
(17.103)
3529
(23.04)
148

(2917)

Controlled

0.784

2202%%
(75354)
0.14%
(0.080)
7.69
(23.156)
_350%e
(1.063)
632
(2687)
~108.50*
(19.299)
43.49%
(25.549)
0.21
(1.747)
059
(1.281)
-9.25%
(5.358)
5483045
(14.850)
109
(20095)
-024
(2.571)
0057
(0.024)
~176.39%%
(35.541)
14237%%%
(36.570)
—120,84%%
(26.504)
~98.25%4%
(24.537)
7009%+%
(20.084)
7993555
(27.076)
Controlled

0.846
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Non-grain production nearby

Xrent

Farmer-specific characteristics
Plot-specific characteristics
Rental contract-characteristics

Region

The standard errors are in parentheses.
P01, *p<005, ***p<001.

44077
(236.177)
~0.07
(0.268)
Controlled
Controlled
Controlled

Controlled

Land rent of grain production

QR_50
286.17%
(153.676)
005
©0.176)
Controlled
Controlled
Controlled

Controlled

14491
(121.898)
0.23%
(0.139)
Controlled
Controlled
Controlled

Controlled
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Variable 1)
Migrantwork  0.1198"**

experience (0.0239)

Gender

Age

Age squared

Marriage

Health

Education

Political
affiliation

Experience in
agricultural
production
Professional
technical
training
Number of
households
producing
agriculture
Houschold
agricultural

planting area

Agricultural

income

Agricultural

cost

34569+
Constant

(0.0109)
County effects No
Rsquared 0.0031

Observations 8,391

(2)
0.1148%%%
(0.0247)
0.0493%*
(0.0205)
0.0171%%%
(0.0051)
~0.0002¢#%
(0.0001)
—0.0112
(0.0339)
—0.0072
(0.0102)
0.0130%*
(0.0030)
0.2100%%*
(0.0488)

0.2354%%%
(0.0212)
0.0845%

(0.0459)

28391
(0.1265)
No
0.0273

8,391

(
01156+
(0.0246)
0.0544++*
(0.0204)
0.0213%5
(0.0051)
~0.0002++*
(0.0001)
~00110
(0.0339)
~0.0050
(0.0102)
00136+
(0.0030)
021074+
(0.0483)

0.1296%+*
(0.0244)
0.0887*
(0.0457)

0.0037

(0.0134)

00104+
(0.0050)

00097+
(0.0027)
0.00927%
(0.0042)
0,067+
(0.0232)
26289+
(0.1295)
No
00378

8,391

Robust standard errors in parentheses. **%p <0.01, **p<0.05, *p<0.1.

(4)
0.1054+5
(0.0255)
00529+
(0.0202)
00245+
(0.0051)
00002+
(0.0001)
~0.0209
(0.0340)
00111
(0.0106)
00174%5%
(0.0031)
0.1658++
(0.0474)

008314+
(0.0251)
00422
(0.0466)

~00220

0.0137)

00027
(0.0054)

0.0064%*
(0.0029)
0.0089%*
(0.0043)
00756+
(0.0290)
23156+
(0.1873)
Yes
0.1287

8,391
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Variable
Willingness to adopt new agricultural
technology

Migrant work experience

Gender

Age

Marriage

Health

Education
Political affliation

Experience in agricultural production
Professional technical training

Number of houscholds producing

agriculture
Household agricultural planting area
Agricultural income

Agricultural cost

Cultivation

Instrumental variable

Capital accumulation

Risk awareness
Social network

Agricultural cognition

Value

Whether the respondent agrees that they are more proactive in adopting newly promoted agricultural

technologies than other farmers.

‘Whether the respondent has experience working away from home (moving across counties for more

than 6months)

les; 0=No
1=Male; 0= Female
Respondent’s age in 2018 (years)
1=Married;

1= very unhealthy; 2= not very healthy; 3= general; 4= relativly healthy;

Respondents’years of education (years)

1= member of Communist Party of China; 0=Other
‘Whether the respondent has experience in agricultural production. 1= Yes; 0=No.

Whether the respondent has participated in at least 5 days of professional technical training in the past

year. 1=Yes; 0=No

“The number of people in the respondents houschold who were engaged in agricultural production for

more than 3 months over the past year. (people)

‘The logarithm of the respondent’ household crop planting area over the past year.

“The logarithm of the respondent’ household total agricultural operating income over the past year:
‘The logarithm of the respondents household total agricultural operating costs over the past year.

‘The current method of cultivation for grain crops in the respondents household's farmland.

1= Agricultural mechanization; 0= Other

‘Whether the village of the respondent had experienced a serious natural disaster before 1978. 1= Yes;

0=No

‘The logarithm of the respondents houschold total non-agricultural business income over the past year.
‘Whether the respondent would take out a bank loan to buy a car. 1= Yes; 0=No

Whether the respondent has friends in their locality with whom they can discuss important matters.

1=Yes; 0=No

‘Whether the respondent agrees that agricultural production is important. 1= Yes;

=Strongly Disagree; 2= Disagree; 3=Neutral 4= Agree; 5=Strongly Agree

Mea

34827

02153

05142
49.5401
08923
34813
7.1039
00455

0.6847

00521

12916

24315
57937

54347

03684

00352

61129

04967

06959

0.7668

Std

0.8904

04111

0.4998
125976
03101
10351
38226
0.2085

0.4647

02222

11241

20975
45394

40813

0.4824

0.1842

5.2406

0.5000

0.4601

04229
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\ELELIES (1) ()]

Trading methods Cultivated crops
Located in the suburbs 0.130%%%(0.024)
Distance to the county government 0.009+%(0.002)
“Trading methods - ~0.060**(0.030)
Control variables YES YES
Wald test of exogeneity 0,897+
Fvalue 24.86%+%
Village clustering standard error YES YES
Cons 0.855+%(0.050) 0.810%44(0.304)
Observations 2378 2378

Standard errors in parentheses.
“P<O.1; ** p<0.05; #* p<OL.
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Variables

‘Trading methods
Village Terrain

Village Secretary’s Age
Cultivated land area

Contracted land area

“Transfer area

Cooperative area of the
Agricultural wages

Irrigable area of farmers

Village clustering standard error
Cons

Observations

Standard errors in parentheses.
“p<O.1; ** p<0.05; #* p<O0L.

(1)

Cultivated crops

~0.074*%(0.018)

YES
0.855%+#(0.050)

2378

2)
Cultivated crops
—0.064***(0.019)
0.055%%%(0.010)
~0.002*#(0.001)
—0.016 (0.015)
0.010(0.012)
—0.003 (0.003)
0,003 (0.003)
0.001*4(0.001)
0.001 (0.001)
YES
0.810%+%(0.304)

2378
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Variables

Cultivated crops

Trading methods

Located in the suburbs

Distance to the county government
Village Terrain

Village Secretary’s Age

Cultivated land area
Contracted land area

Transfer area

Area of the village cooperative

Agricultural wages

Irrigable area of farmers
New agricultural management entities

Agricultural cooperative
Contract signing

Rental period

De

Planted cash crops = 1; Only cultivated grain crops =0
Organized trade=1; Free trade =0
Suburb=1; Rural=0

“The distance between the village and the county government (km)

Flat=1; Hilly=2; Mountainous =3
“The age of the Secretary of the Village Party Commitiee
“The logarithm of the total cultivated land area of the village

“The logarithm of the total contracted land area (including cultivated land) of
the village

The contracted land transfer area in the village

“The logarithm of the total operating area of the village agricultural professional

cooperative
Average wages in the village during the busy agricultural season (RMB/day)
Irrigable area within the cultivated area of farmers

New agricultural management entity = 1; Not a new agricultural management

entity=0
Join agricultural cooperative = 1; Not joined cooperative=0

Signing formal written contract=1; Not signing written contract=

Defined rental period = 1; Undefined rental period =0

Num

2378
2378
2378
2378
2378
2378

2378

2378

2378

2378

2378

2378

2378

2378
1223

1,220

Mean

0.757

0.665

0212

5.530

1925

49.947

7.949

8388

299

2789

140.075

10845

0.255

0235

0.632

0.575

Std

0429
0472
0.408
5529
0910
8.567

1224

1731

3575

3340

55.492

61583

0436

0424
0.482

0.495
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Strategy Symbol ANP AHP ANP

Performing marketing research in universities 01 0177 0214 2 1
Introduction and supply by the fais and sales offices 502 0174 0.146 3 4
Encouraging investors to attract investments and develop

wol 0.202 0.160 1 3
infrastructures
Creating international associations and using anti-COVID-19 tools ST1 0.152 0.202 4 2
Supporting the private sector in export. WL 0146 0134 6 6

Guaranteed price and shopping WT2 0148 0143 5 5
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wol 0202
501 0177
502 0174
ST1 0.152
WT2 0.148
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Factor Factor's ~ Sub-  Relative  Sub-
priority  factor's  priority  factor's

overall
priority
o1 0.063 0.016
o2 o1 0.028
Opportunities 0254 03 0.226 0.057
o4 0362 0.092
05 0238 0.060
I 0,099 0015
T2 0309 0.046
Threats 0.148 T 0435 0.064
T4 ons 0017
TS 004 0.006
st 0038 0.019
52 0507 0250
Strengths 0493 3 o111 0055
54 0.084 0.041
s5 0261 0129
w1 0045 0.005
w2 0445 0.048
Weaknesses 0.107 w3 0.278 0.030
wa 0071 0.008

w5 016 0017
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Technical inefficiency model

Null hypothesis Log-Likelihood df* Critical value Test statistic (\)° Inference
under Ho (xB05)

Hiy=5, 9653 7 1406 1598 Rejected Hy

Hiy=0° 11996 3 781 11294 Rejected H,

Hi b= 14752 5 1107 57.82 Rejected H,

indicates that o,4=0 and 8,=0 so degrees of freedom corresponding to this hypothesis is 3.

Source: Authors’ estimation. *degree of freedom, *A = —2(In{L(H,)}-In{L(H,)}]. -
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s01 0214
ST1 0202
wol 0.160
502 0.146
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Factor Factor's ~ Sub-  Relative  Sub-
priority  factor's  priority  factor's

overall
priority
o1 0.063 0.018
o2 o1 0032
Opportunities 0.284 03 0.226 0.064
o4 0362 0103
05 0228 0.065
I 0,099 0017
T2 0309 0053
Threats 0170 T 0435 0.074
T4 ons 0020
TS 0040 0.007
st 0038 0.002
52 0507 0.037
Strengths 0073 3 o111 0.008
54 0.084 0.006
s5 0261 0.019
w1 0045 0.021
w2 0445 0210
Weaknesses 0473 w3 0.287 0136
wa 0071 0034

w5 0.160 0.076
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Opportunities  O1 Relative

priority
o1 1 13 13 14 14 0.063
02 2 1 L3 L3 3 0.111
03 3 3 1 12 1 0.226
04 4 3 2 1 2 0.362
05 4 3 1 12 1 0.228
IR=0.04
Relative
priority
Tl 1 14 L5 12 5 0.099
T2 4 1 12 4 6 0.309
T3 5 2 1 4 7 0435
T4 2 14 14 1 3 0.118
TS5 15 16 17 13 1 0.040
IR=0.07
Strengths | SI  S2  S3  S4 Relative
priority
S1 1 18 3 13 7 0.038
82 8 1 5 6 3 0.507
3 3 15 1 7 13 0111
S4 3 1.6 17 1 4 0.084
S5 17 13 3 14 1 0.261
IR=0.05

Weaknesses W1 W2 W3 w4 ws helative

priority
w1 1 1715 13 13 0.045
w2 7 1 2 6 4 0.445
w3 5 12 1 4 3 0.287
w4 3 16 14 1 15 0.071
w5 3 14 13 5 1 0.160

IR=008
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Strengths Weakness

st “The presence of university and research faciltis inside the wi Lack of necessary infrastructure during the
country to improve the production, processing, and marketing COVID-19 pandemic for suitable transportation for
of saffron product export

o Producing 90% of the worlds saffron, Iran is the largest producer e Lack of having a strategic perspective and.
of saffron in the world ‘management for presence in global markets

Faciltating the introduction of products and the process of
$3 global supply with the help of information technology and the w3 Bulk export of Iran's saffron
wireless networks, especially after the COVID-19 pandemic

Familiarity with international regulations and limitations in Failure to provide the required financial resources and
terms of exporting agricultural crops, especially saffron economic problems during the COVID-19 pandemic
Lack of familiarity with the customers’ interests in

s5 High quality of Irans saffron in the world ws
different areas of the words

Opportunities Threats

Preventing loss of safffon fragrance and increasing stability by
o1 T COVID-19 pandemic limitations and health protocols
using packing technology

Instability of economic and uncconomic parameters
Using marketing research to detect the customers and foreign
02 ™ affecting saffron production and supply, especially

‘competitors on the basis of destination country PiibAp sl
juring the -19 pandemic

o Establishing an offcious pricing policy in markets of export . Lack of having an appropriate good brand in global
with higher priority markets
Supporting knowledge enterprises to set up research and

o development units for processing and extracting effective o Lack of an electronic money transfer system due to
saffron materials, preventing crude sales, and creating the economicand political issues
lighter value added

Virtualized and specialized fairs in different entries to
05 be familiar with saffron consumption during the COVID-19 TS Misuse and duplication of successful names

pandemic
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801

S02

ST1

wo1

WT1

The presence of university and research facilities inside the country to
improve the production, processing, and marketing of saffron (S1)

Producing 90 percent of the world saffron in Iran as the d largess producer
of saffron in the world (S2)

Facilitating introduction of product and the process of global supply by the
help of information technology and the unless networks especially after the
COVID 19 pandemic (S3)

Familiarity with international regulations and limitations in term of
exporting agriculture crops especially saffron (S4)

High quality of Iran' saffron in the world (S5)

Preventing loss of saffron fragrance and increasing stability by using
packing technology (O1)

Using marketing researches to detect the customers and foreign competitors
on the basis of destination country (02)

Establishing officious pricing policy in markets of export with higher
priority (03)

Supporting knowledge enterprise to set up research and development units
for processing and extracting effective saffron materials, preventing crude
sales and creating the lighter value added (04)

Virtualized and specialized fairs in different entries to be familiar with
saffron consumption during the COVID 19 pandemic (O5)

COVID 19 pandemic limitations and health protocols (T1)

Tnstability of economical and uneconomical parameters affecting saffron
production and supply especially during the COVID 19 pandemic (T2)

Lack of having appropriate good brand in global markets (T3)

Lack of an electronic money transfer system du to economical political
issues (T4)

Misuse and duplication of successful names (T5)

Lack of necessary infrastructures during the COVID 19 pandemic for
suitable transportation for product export (W1)

Lack of having strategic perspective and management for presence in global
markets (W2)

Bulk export of Iran’s saffron (W3)

Failure to provide the required financial resources and economic problems
during the COVID 19 pandemic (W4)

Lack of familiarity with the customers'interests in different areas of the
words (W5)
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Hy :y = 0,ie., the inefficiency effects are not stochastic (10)
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Average production 3456.5kg

Average harvest weight 996.62g
Average harvest length 2945em
Feed conversion ratio (FCR) 017
Maximum length 482mm
Minimum length 203.2mm
Maximum weight 13kg
Minimum weight 045kg
Daily average increment in body length 0.10m
Daily average increment in body weight s4g

Specific growth rate (SGR) 205g
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Name of the Details/Particulars Economic Investment ~ Component cost % Annual

component life (years) ($) of the overall cost  depreciation ($)

Cage system Cage floating frame 10 3,625.07 75.0% 362.51

Cage Net bags Tnner/Grow-out Net 2 21146 44% 10573
‘Outer/predator protection net 2 169.17 3.5% 84.58
Seed rearing/Hapa nets 2 30.21 0.6% 15.10
Bird protection net 2 12,08 0.3% 6.04

Mooring materials Mooring Chain 3 241.67 5.0% 80.56
Shackles B 60.42 1.3% 20.14
Swivels 3 18.13 0.4% 6.04
‘Gabion Box 3 45.92 1.0% 1,267
Anchor Blocks ] 60.42 1.3% 20.14
Shock absorber 3 18.13 0.4% 6.04
Ballast 3 60.42 1.3% 20.14
Mooring assembling charges 3 38.67 0.8% 12,89
‘One-time installation charges ¥ 241.67 5.0% 80.56
Total 100.0%

The dollar rate calculated as on 04/10/2022 at 82.78 INR per 1 USD. Source: Board of Governors of the Federal Reserve System (2022). The Fed - Foreign Exchange Rates - H.10 - October 17,
2022 (retrieved from htps://www.federalreserve. gov/releases/h10/current, Accessed October 21,2022; Mojjada et al 2023).
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Particulars 10-year

cumulative ($)

Sales 6815 100,848
Direct cost

Cost of seed 544 8,047
Cost of feed 1,100 16,273
Seed transportation 60 894
Labor for feeding and cage maintenance 1015 15,021
Total 2719 40,235
Gross profit 4,096 60,613
Fixed cost

Insurance (2% on investment) 97 967
Administrative expenses 18 268
Total 15 1235
EBITDA (carnings before interest and 3981 59378
taxes)

Depreciation 418 4179
Net profit 3563 55,199

All values denominated in US ($) have been rounded to the nearest whole number (Mojjada
¢tal,,2023). The sales price s derived from the total produce multiplied by the sold price
and the same is projected for 10 crops which reflects one crop per year.
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Ei ncy level No. of farmers Percentage
0.60-0.70 4 40
0.71-0.80 5 50
0.81-0.90 6 60
091-1.00 85 850

Total 100 1000
Minimum efficiency 06157

Maximum efficiency 09933

Mean efficiency 09437

Source: Author's estimation.
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Intercept

Area (ha)

Seedling (piece/ha)

Lime (kg/ha)

Urea (kg/ha)

TSP (kg/ha)

MoP (kg/ha)

Hormone (ml/ha)

Labor (man-days/ha)
“Technical inefficiency model
Intercept

Age (years)

Education (years of schooling)
Credit (taken =1, not
taken=0)
Training (taken
taken=0)

 not

Family size (number)
Variance parameter
Sigma-squared

Gamma

Log-likelihood function
Mean technical efficiency

Source: Author's estimation. **, ** and

Parameter

B
B
[
Bs
B
Bs
B
3
B

B
&
8
35

8

8

o

Coef

0.645
~0011
0.998
~0.019
0021
0.003
~0.022
0.002

~0.088

0438
0.002
0.004

~0.066

-1034

~0.109

0025

0.984

indicate significant at 1, 5 and 10% level, respectively:

176429

09437

0359

0.003
0.025
0.006
0.018
0018
0015
0015

0.046

0.144
0.002
0.008

0.039

0275

0.031

0.004

0.004

ati
1.794%
32325
38,5555+
2796
1216
0.165
~1485
0132

~1.897%

3.040%%%
1176
0.594

—1.692%

3756+

~3.520%%

5.144%%%

227.007%%%
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itle

Identify problems and suggest
possible solutions for safe
pineapple production in

Madhupur tract

Financial profitability and value
chain analysis of pincapple in

Tangail, Bangladesh

Use of agrochemicals in
pineapple farming: a case study
from Madhupur forest areas of

Bangladesh

Production and export

possil

of canned pineapple
and pineapple leaf fiber in
Bangladesh

Physical and chemical
characteristics of pincapples

grown in Bangladesh

A Time Series analysis for the
pineapple production in

Bangladesh

Objective

“To ascertain the current
problems faced by pineapple
growers and suggest possible

solutions

To estimate the financial
profitability and assess the
pincapple value chain in
Madhupur upazila of Tangail
Bangladesh.

“To determine the extent of use
of agro-chemicals by the

pincapple farmers

“To explore the production and
export possibility of canned
pineapple and pineapple leaf
fiber in Bangladesh

“To provide a snapshot of the
physical and chemical
properties of different varieties

of pineapples

Toidentify the Auto-
Regressive Integrated Moving
Average model used to
forecast the production of

Pincapple in Bangladesh.

Methods

Constraint
facing index
(CFI) and
FGD

Descriptive,
‘mathematical,
and statistical

techniques

Correlation

analysis

Descriptive

statistics

Experimental

Auto-
Regressive
Integrated
Moving
Average
(ARIMA)

model

Major obstacles included inefficient extension services, a lack of
agrochemicals and labor, and so on. The pineapple producers made
several important ideas, including effective extension services,
farmers’ contact with processing companies, the construction of
pineapple processing plants, & the provision of processing training
tolocal small entrepreneurs.

Profitability analysis shows that pincapple production was
profitable in the study area. The study reveals that the total value
added by the stakeholders to a piece of pineapple was Tk. 38.
Among the market actors, wholesalers added the highest value of

Tk 13 per piece

“The majority (62%) of the respondents hid a high extent of agro-
chemical use. From the correlation analysis,it was evident that age,
farming experience, extension media contact, training on agro-
chemicals use and knowledge of harmful effects of agro-chemicals

had significant relat

nships with their extent of use of agro-

chemicals in pineapple farming,

Based on the available raw mat

s and potential production

alow production cost, there is a high production possibility of

canned pineapple and pineapple leaf fiber.

‘The comparative study indicated that the honey queen is superior
10 the rest of the varieties (Giant Kew (GK), Asshini, and Ghorasal)

of pineapple irrespective of nutritional content and sweetness.

‘The forecasted series is a better representation of the original
Pineapple production series in Bangladesh as in the forecasting
plot, the in-sample and the out-sample forecasting part show an
upward trend similarly. That i, forecasting pineapple production

may be good.

Al

Hasan etal,
2022

rs

Uddin etal

(2022)

Alam etal.
(2019)

Biswas and
Nishat, 2019

Alietal.
(2015)

Hossian and
Abdulla,
2015
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Opportunities Threats Strengths Weaknesses Relative

importance
Opportunities 1 12 3 13 0284
Threats 2 1 4 12 0170
Strengths 13 14 1 15 0073
Weaknesses 3 2 5 1 0473

IR = 0.07.
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Variables Model 1 Model 2 Model 3

Cost efficiency Technical efficiency Allocation efficiency
Farm size ~0.02727** (0.0030) ~00326%* (0.0070) 0.0011 (0.0070)
Farm sizexPlot size 0.0039%* (0.0020) 0.0032° (0.0020) 0.0009 (0.0010)
Gender ~0.0133 (0.0090) ~0.0124 (0.0080) ~0.0318 (0.0190)
Age ~0.0001 (0.0000) ~0.0001 (0.0000) ~0.0001 (0.0000)
Education 0.0011 (0.0010) 0.0010 (0.0010) 0.0006 (0.0010)
Health status 0.0114% (0.0050) 0.0103** (0.0040) 0.0066** (0.0030)
Topography 0.0339%% (0.0060) 0.0283%%* (0.0050) 0.0128%** (0.0030)
Distance to markets ~0.00767** (0.0010) ~0.0060%* (0.0010) ~0.0022%** (0.0010)
Distance to agricultural institutions 0.00617%% (0.0010) 0.0049%%* (0.0010) 0.00207** (0.0010)
Hired worker weight ~0.03687** (0.0150) ~0.0439%% (0.0130) ~0.0105 (0.0080)
Subsidies 0.0022% (0.0010) 0.0017* (0.0010) 0.0005 (0.0000)
Number of parcels ~0.0002%** (0.0000) ~0.0002%* (0.0000) ~0.0001%** (0.0000)
Cons_ 0.7190%%% (0.0190) 0.7850** (0.0170) 0.9130%** (0.0100)
N 3,088 3,088 3,088

%2, %%, and * are significant at the significance level of 1, 5, and 10%, respectively: Standard deviations are given in parentheses.
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Variables Model 1 Model 2

Cost efficiency Cost efficiency
Farm size ~0.0105%* (0.0050) ~0.0236%** (0.0040)
Gender 0.0084 (0.0150) 002347 (0.0120)
Age 0.0000 (0.0000) ~0.0002 (0.0000)
Education 0.0034% (0.0020) ~0.0017 (0.0010)
Health status 0.0222%%* (0.0080) 0.0041 (0.0060)
Distance to markets 0.0008 (0.0020) ~0.0118%** (0.0020)
Distance to agricultural institutions 0.0016 (0.0010) 0.00787** (0.0010)
Hired worker weight —~0.1580*** (0.0230) 0.0086 (0.0180)
Subsidies 0.0034** (0.0010) 0.0008 (0.0010)
Number of parcels ~0.0009%** (0.0000) ~0.0001* (0.0000)
Land transfer rate ~0.0309 (0.0190) ~0.0562%** (0.0140)
Cons_ 0.6360%** (0.0290) 0.7770%** (0.0280)
N 998 2090

%%, %%, and * are significant at the significance level of 1, 5, and 10%, respectively: Standard deviations are given in parentheses.
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Regions Variables <10 mu 10-30mu  30-50 mi 50-100mu  100-2 >200 mu
Costefficiency 0714 0729 069 0730 0.653 0506

Plains region Technical efficiency 0777 0788 0762 0790 0726 059
Allocation efficiency 0.906 0910 0902 0916 0.885 0809
Cost efficiency 0720 0.691 0,606 0523 0530 0412

Non-plain region | Technical efficiency 0782 0758 0,685 0.609 0617 0511

Allocation efficiency 0.909 0896 0.864 0.821 0816 0761
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Variables <10 mu >200 mu

Cost efficiency 0.691 0.700 0.659 0.610 0572 0510
“Technical efficiency 0759 0765 0730 0687 0655 0597

Allocation efficiency 0.900 0.902 0.886 0862 0847 0.808
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2020 2021 Full sample

Variables

Cost efficiency 0.601 0606 0735 0733 0.670

‘Technical efficiency 05685 0683 0794 0793 0740
0.867 0.857 0915 0916 0.889

Allocation efficiency
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Products characteristics VIF
Procedural fairness

Price ~0.194 0.185 1689
Coffee quality 0151 0.285 1595
Product storytelling 0421 0.010% 1954
Existence of certifications 0400 0,003+ 1286
Presence of blockchain information on the packaging 0340 0.023* 1676
Interactional fairness

Price ~0202 0.168 1.689
Coffee quality 0141 0318 1595
Product storytelling 0309 0053 1954
Existence of certifications 0451 <0.001+* 1286
Presence of blockchain information on the packaging 0393 0,009+ 1676
Distributive fairness

Price ~0.153 0313 1.689
Coffee quality 0.186 0.209 1595
Product storytelling 0415 0.014% 1954
Existence of certifications 0454 0.001%% 1286
Presence of blockchain information on the packaging 0285 0.063 1676
‘Environmental fairness

Price ~0.141 0376 1927
Coffee quality 0194 0211 2398
Product storytelling 0462 0.009%% 2388
Existence of certifications 0.460 0,002+ 1.662
Presence of blockchain information on the packaging 0175 0270 1274

0.436. Distributive fairness: R = 0.457; adjusted R*

Number of observations = 25. Procedural fairness:
Environmental fairness: R* = 0.399; adjusted R*

0.497; adjusted R = 0.436. Interactiona fairness K
326. Significance levels: p < 0.01 ***, p < 0,05 **, p < 0.1 *

497; adjusted
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Variables

Total output
Seed price
Fertilizer price
Machinery price
Labor price

Land price

Other price

Age

Gender

Education

Health status

Farm size
Topography
Distance to markets

Distance to agricultural

institutions
Subsidies

Hired worker weight
Number of parcels

Land transfer rate

me dummy variables

Regional dummy

variables

Definitions/units Averages Standard Minimum Maximum
deviation
kg 356353 10639.02 1000 7030000
Yuan/mu 17.09 1359 548 5190
Yuan/mu 9.17 5975 2120 288
Yuan/mu 5216 5307 0 18723
Yuan/workday 95.41 228 5314 150
Yuan/mu 9252 21625 2650 101175
Yuan/mu 2648 12613 0 6672.22
Year 6035 931 36 7
0=female, 1=male 090 028 0 1
Year 756 2726 0 16
1=worse, 2= same, 3=better 241 0562 1 3
Mu 21.09 9449 02 2640
0=non-plain, 1 =plain 032 0.467 0 1
km 349 2636 02 20
km 450 3719 01 30
Yuan 322383 1260466 0 78000
% 010 0261 0 15
Lump 2021 6907 1 765
% 027 037 0 1
2018, 222019, 322020,

251 112 1 4
4=2021
1= East, 2= Central, 3= West

211 0724 1 3
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Companies characteristics Standardized g Sig VIF

Procedural fairness

Company size ~0484 0.047% 1927
Strength of commitment (fair trade practices) 0.581 0,034 2398
Existence of transparency programs (sustainability report) 0201 0.047% 2388
Market type 0.116 0.589 1662
Trend of production value (last 6 years) -0.025 0.893 1274

Interactional fairness

Company size ~0345 0205 1927
Strength of commitment (fair trade practices) 0383 0207 2398
Existence of transparency programs (sustainability report) 0216 0.468 2388
Market type 0.195 0433 1662
Trend of production value (last 6 years) ~0.035 0873 1274
Distributive fairness

Company size ~0.587 0.016* 1927
Strength of commitment (fair trade practices) 0.649 0017 2398
Existence of transparency programs (sustainability report) 0138 0583 2388
Market type 0315 0143 1662
‘Trend of production value (last 6 years) 0.119 0515 1274
Environmental fairness

Company size ~0.587 0017 1927
Strength of commitment (fair trade practices) 0.649 0.007%* 2398
Existence of transparency programs (sustainability report) 0138 0583 2388
Market type 0315 0143 162
Trend of production value (last 6 years) 0119 0515 1274

516 adjusted K

Number of observations = 25. Procedural fairness:
Environmental fairness: R* = 0.399; adjusted R*

0633 adjusted R’ = 0537 Interactional fairness: R
326. Significance levels: p < 0.01 ***, p < 0,05 **, p < 0.1 *

3215 adjusted R = 0.142. Distributive fairness: R
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Procedural fairness
Interactional fairness
Distributive fairness

Environmental fairness

Relative frequency

14 778
4 22
4 22
5 278

Completenes:

average value (%
68.22
4096
3481

49.64
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Variable Standardized Sig VIF

~0.210 0211

1914
Coffee quality 0030 0836 1595
Product storytelling 0.388 0019%* 1954
Existence of certifications 0272 0040%* 1.286
Presence of blockchain information on the packaging 0.386 0012%% 1676

Number of observations = 46. K’ = 0.474; adjusted R’ = 0.410. The Rand R values for product characteristics are slightly lower than those observed for company characteristics. The

standardized regression coefficient (/) ranges from ~0.210 t0.0.657, and al variance inflation factor (VIF) values are below 4, indicating the absence of collinearity. Significance leves: p < 0.01
4, p<0.05 %, p<0.1",
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Variable Standardized g Sig VIF

Company size ~0.480 <0.022%% 1927
Strength of commitment (fair trade practices) 0417 0.009%% 2398
Existence of transparency programs (sustainability report) 0419 0172 2388
Market type 0070 0.699 1662
Trend of production value (last 6 years) 0.005 0.821 1274

Number of observations = 25. R = 0.633; adjusted R’ = 0.537. The Rand R values surpassing 0.5 validate the reliability and soundness of the model. The standardized regession coefficient
(4. representing the standardized relationship between the dependent and independent variables, ranges from 430 to 0.419. Additionally,all VIE values are below 4, indicating that there is

no risk of collinearity. Significance levels: p < 0.01 ***, p < 0.05 **, p < 0.1 %
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Roaster company Number of  Geographical area

name products (headquarters)
1850 1 North America
Andytown Roasting 1 North America
Barcaffe 1 Europe

Beyers 1769 2 Europe
Blendstar 1 Europe

Caffe Barbera 3 Europe

Caffé San Domenico 1 Europe

Crazy Mocha 1 North America
Glaede 4 Europe

Grand 2 Europe
Goodlife 1 Europe

Happy Belly 4 Europe

Hema 4 Europe
Lavazza 1 Europe

La Semeuse 1 Europe

Moyee Coffee 4 Europe
Musetti 1 Europe
Nescafé (Nestle) 2 Europe

Nula 2 Europe

Orang Utan Coffee 1 Europe
Philocoffea 4 Asia

Rainbow Coffee 1 Europe
Segafredo Zanetti 1 Europe
Starbucks 1 North America

Sucafina 2 Europe
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Characteristic

Variable (for each

product)

Rationale

Source of
information

Price

Coffee quality

Bean variety

Flavor profile

Product storytelling

Presence of blockchain
information on the

packaging

Existence of

certifications

€/kg

Specialty coffee

Arabica vs. Robusta, heirloom

varieties

Detailed flavor descriptions on

packaging

Inclusion of detailed narratives
about the coffec’ journey on

packaging or marketing materials

Presence of a QR code or links on
the packaging

Presence of certification label on
the packaging or specific product
blockchain

0= Less or equal to 30 €/kg
(average coffee price);
1= More than 30 €/kg

0=Nos 1 =Yes

0= Arabica 100%; 1 = Blend

0=Nos 1 =Yes
0=Nos 1 =Yes
0=Nos 1 = Yes
0=Nos 1 =Yes

Ahigher price may indicate a product of
superior quality, suggesting increased

assurances of fairness

Labeling coffee as “specialty” may signify
heightened focus on the quality and
thoroughness of information to

be incorporated into the blockchain
Different bean varieties have distinct flavors
and characteristics, affecting consumer
demand and potentially the desire for
transparency

Companies emphasizing specific flavor
profiles may be more concerned with
maintaining the integrity of teir product

through transparent sourcing

Companies emphasizing the story behind
their products may be more inclined to
adopt blockchain for storytelling
transparency

“The inclusion of blockehain information on
product packaging may indicate an
intention to boost the perceived value of
this technology, concurrently serving as a
strategy to promote a transparent image for
the company

“The presence of certification labels may
imply a greater attention to transparency

throughout the supply chain

Website

‘Website, blockchain platform

Website, blockchain platform

‘Website, blockchain platform

‘Website, blockchain platform

Website, blockchain platform

‘Website, blockchain platform
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Characteristic

Variable (for each

roasting company)

Rationale

Source of
information

Headquarters

Financial performance

Company size

International operations

Business perspective

Employee advocacy

Corporate social
responsibility (CSR)

initiatives

Current transparency

initiatives

Commitment to fair trade

Collaboration with NGOs

Distribution channels

Diversification of product

portolio

Geographical area

“Trend of production value

in the last 6 years

Company size based on total

production volume

Extent of global presence
(market type)

Business model

Internal programs
promoting employee well-

being

Presence and extent of CSR

programs.

Existence of company

transparency programs.

Strength of commitment:
involved in far trade

practices

Partnerships with non-
‘governmental organizations
(NGOs)

Presence in various
distribution channels (g,
supermarkets, specialty
stores, cafes)

Range of coffee products
offered

0= North America;
1= Furope; 2 = Asia

% of variation (from 2016 to
2022)

0= Small and medium;

= Large (based on EU

recommendation 2003/361:

less than 250
employees = Small and
‘medium enterprises; more

than 250 employees = Large

enterprises)
0= Regional; 1 = Global
0=B2B; 1 = B2C (business-
to-business; business-to-
consumer)

0=No; 1 =Yes

0=No; 1 = Yes

0=No; 1 = Yes

0=No; 1=Yes

0=No; 1 =Yes

0=No; 1 = Yes
0=Noj1=Yes

“This variable may help determine whether
cultural or economic differences among various
regions can influence the adoption of
blockehain technology

Financially stable companies may have the

resources to invest in blockchain technology

Larger companies may have more resources to

invest in blockchain technology

‘Companies with international operations may
face additional complexities in supply chains,
influencing interest in blockchain for
transparency

Different business models may prioritize
distinct information for the end user of the
blockchain

‘Companies with strong internal advocacy for
fairness may be more inclined to extend these
values to their supply chains through
blockchain

‘Companies with a strong commitment to s
responsibility may be more inclined to adopt

blockchain for fairness

Companies already engaged in transparent
practices may be more inclined to adopt
blockehain for further transparency
‘Companies with a strong commitment to fair
trade may see blockehain as a tool to enhance

their existing efforts

Collaboration with NGOs may reflect a
commitment to ethical practices, impacting
interest in blockehain adoption

‘The diversity of distribution channels may
impact the perceived need for transparency and

fairness

Companies with a diverse product portfolio
may have different considerations for

transparency across different product lines

Website, blockchain
platform

ORBIS financial
statements database
ORBIS financial

statements database

ORBIS financial

statements database,

Company’s website

Company’s website,

blockchain platform

Company’s website,
blockchain platform

Company’s website,
blockehain platform

Company’ website,

blockehain platform

Company’s website,

blockchain platorm

Company’s website,
blockchain platform

Company’s website





OPS/images/fsufs-09-1401735/fsufs-09-1401735-t001.jpg
Information provided Procedural fairness  Interactional fairness  Distributive fairness  Environmental fairness

(blockchain) (PF) (IF) (DF) (EF)
Region of origin x

Farmers information x x

Health certification x x
Phytosanitary certification x
Harvesting information x x x
Coffee and drying information x x
Transport documentation x

Traceability documentation x x

Lab analysis x
Payments to farmers and other x

actors (distribution of value

along the chain)

Presence of certifications x x x x
Process/transport dates x

Roasting location x

Import country x

Export country x

Country of distribution x

Visible and accessible N x

transactions

Accessible smart contract B x
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Distributive fairness
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Variables Model 1 Model 2 Model 3

Cost efficiency Cost efficiency Cost efficiency
Farm size ~0.0177%%* (0.0050) ~0.0291%** (0.0040) ~0.3810%** (0.0060)
Gender 0.0158 (0.0160) 00215 (00160) 00153 (0.0150)
Age 0.0000(0.0010) ~0.0000 (0.0020) ~0.0002 (0.0000)
Education ~0.0004 (0.0020) ~0.0003 (0.0020) 0.0003 (0.0020)
Health status 0.0133 (0.0100) 0.0098 (0.0080) 0.0037 (0.0080)
Distance to markets ~0.0038% (0.0020) ~0.0059%** (0.0020) ~0.0063%** (0.0020)
Distance to agricultural institutions 00001 (0.0010) ~0.0072%** (0.0010) 0.0051%%% (0.0020)
Hired worker weight ~0.0619%* (0.0290) ~0.0846%** (0.0190) 0.0239 (0.0031)
Topography 0.0515°% (0.0110) ~0.0091 (0.0090) 0.0403%% (0.0160)
Subsidies 0.0080%% (0.0020) 0.00213 (0.0010) 00016 (0.0020)
Number of parcels ~0.0002 (0.000) ~0.0002+** (0.0000) 00007+ (0.0000)
Land transfer rate 0.0277 (0.0280) ~0.0872%** (0.0170) 00128 (0.0180)
Cons_ 0.6700°%* (0.0590) 0.7430%** (0.0270) 0.7490%%% (0.0350)
N 660 1430 998

%2, %, and * are significant at the significance level of 1, 5, and 10%, respectively: Standard deviations are given in parentheses.
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Regions <10 mu 10-30mu  30-50mi 50-100mu  100-200m >200 mu
0722 0788 0758 0n7 0.687 0582
Eastern region Technical efficiency 0784 0839 0816 0781 0758 0.663
Allocation efficiency 0912 0937 0928 0912 0902 0845
Costeefficiency 0.698 0713 0.668 0610 0567 0498
Central region Technical efficiency 0764 0775 0739 0.685 0694 0587
Allocation efficiency 0901 0905 0891 0.859 0842 0805
Cost efficiency 0.663 0.631 0513 0515 0508 0.486
Western region Technical efficiency 0736 0710 0.604 0.607 0601 0573

Allocation efficiency 0.891 0.88 0.821 0.825 0823 0780
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Variables Model 1 Model 2 Model 3

Cost efficiency Technical efficiency Allocation efficiency
Farm size ~0.0266%** (0.0030) ~0.0241%% (0.0020) ~0.0146%** (0.0010)
Gender 0153 (0.0090) ~0.0140% (0.0080) ~0.0072 (0.0050)
Age ~0.0000 (0.0000) ~0.0000 (0.0000) ~0.0000 (0.0000)
Education 0.0008 (0.0010) 0.0007 (0.0010) 0.0004 (0.0010)
Health status 0.0103% (0.0050) 0.0092** (0.0040) 0.0059°* (0.0030)
Distance to markets ~0.00727** (0.0010) ~0.0056** (0.0010) ~0.0020%** (0.0010)
Distance to agricultural institutions 0.0057%% (0.0010) 0.004607* (0.0010) 0.0017%%* (0.0010)
Hired worker weight ~0.05997** (0.0140) ~0.0477%*% (0.013) ~00153* (0.0080)
Topography 0.0317%% (0.0060) 0.0259%%* (0.0050) 0.0106%** (0.0030)
Subsidies 0.0022¢ (0.0010) 0.0016** (0.0010) 0.0004 (0.0000)
Number of parcels ~0.0002%** (0.0000) ~0.0002%* (0.0000) ~0.0001%** (0.0000)
Land transfer rate ~0.0479%** (0.0110) ~0.0416%** (0.0100) ~0.0219%** (0.0060)
Cons_ 0.7060*% (0.0180) 0.7730** (0.0160) 0.9090%** (0.0100)
N 3,088 3,088 3,088

%2, %%, and * are significant at the significance level of 1, 5, and 10%, respectively: Standard deviations are given in parentheses.





OPS/images/fsufs-08-1396129/fsufs-08-1396129-e018.jpg





OPS/images/fsufs-08-1362877/fsufs-08-1362877-e008.jpg
()= Yamtn ®

m=1





OPS/images/fsufs-08-1396739/fsufs-08-1396739-e012.jpg
Size,_)





OPS/images/fsufs-08-1362877/fsufs-08-1362877-e007.jpg
W =

G

“ G
2

@)





OPS/images/fsufs-08-1396739/fsufs-08-1396739-e011.jpg
Cash,_|





OPS/images/fsufs-08-1362877/fsufs-08-1362877-e006.jpg
(6)





OPS/images/fsufs-08-1396739/fsufs-08-1396739-e010.jpg
Lev,_y





OPS/images/fsufs-08-1420489/crossmark.jpg
(®) Check for updates






OPS/images/fsufs-08-1362877/fsufs-08-1362877-e005.jpg





OPS/images/fsufs-08-1396739/fsufs-08-1396739-e009.jpg
Age,





OPS/images/fsufs-08-1396129/fsufs-08-1396129-t006.jpg
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Estimation coefficient = Standard error Estimation coefficient  Standard error
Inxl 0.2780%%+ 0.0858 0.8939%%% 01772
Inx2 —0.2112%%% 00329 ~0.1409 0.1068
Inx3 0.2618%* 0.1351 ~0.1689* 00914
Inx4 ~0.0362 00334 0.0942%%% 0.0261
Inxs ~0.1279%%% 00354 0.0982%%% 00292
Inx6 ~0.3619 0.4442 ~0.4790* 02834
Loy (-1) 0.7896%* 0.0696 - -
3 413720 0.6355 - -
AR —197% -
AR2 032 -
Sargan 60.10 -
Hansen 1189 0699
LM - 18.953%%%
Wald F - 30440

##%, %% and * are significant at 1, 5 and 10%, respectively.
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Null hypothesis Alternative F statistics Probability value Threshold of significance level

FPCHIEEE 1% 5% 10%
Linear model ingle threshold model 9.457** 0.028 11.196 7.796 5.881
Single threshold model Double threshold model 86.957**% 0.000 14.691 9.178 6.829
Double threshold model “Three-threshold model ~33.986 0.818 3.427 0.073 ~1.877

F value and relevant critical value are obtained by repeated sampling for 500 times using bootstrap methods **#, **, and * represent significant levels at 1, 5 and 10%, respectively.
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Variable

Inxl 072185+ 0.7592%% 0.7209%%% 0.7540%%% -
Inx2 00727 0.0550 0.1029 0.0924 02508+
Inx3 ~0.2330% ~0.2033%* —0.2571%* ~0.2340%* 00323
Inx4 0.0638"* 0.0665%* 0.0701% 00735 0,091
Inxs 0.0739%* 0.0602% 0.0914%% 0,078 ~0.1762%*
Inx6 -0.2371 -02316 0.1439 01831 15873%%%
3 - 72778 - 9.1567%%* 98482+
Inxi<-1216 - - - - 071085
~1216 <Inx1<-0.614 - - - - 11726%%%
Inx1 >-0.614 - - - - 053135
» 0.2845%* 029947 - - -

2 - - 0.1306 0.1239 -

R 0.6514 0.6510 0.6421 0.6413 07720
F - - - - 66,894+
Hausman 1n17% -488

##%, %% and, * are significantat 1, 5 and 10%, respectively.
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Time Spatial autocorrelation  Expectation value standard Normal Probability

deviation statistics
2010 0077 ~0.067 0.048 2983 0.003
2011 0033 ~0.067 0.049 2002 0.041
2012 0035 ~0.067 0.049 2072 0.038
2013 0032 ~0.067 0.049 2010 0.044
2014 0040 ~0.067 0.050 2148 0.032
2015 0054 ~0.067 0.051 2363 0.018
2016 0.047 ~0.067 0.051 2223 0.026
2017 0048 ~0.067 0.051 2248 0.025
2018 0056 ~0.067 0.051 2399 0.016
2019 0055 ~0.067 0.051 2394 0.017

2020 0051 ~0.067 0.051 2315 0.021
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Variable
Inx1
Inx2
Inx3
Inx4
Inx5

Inx6.

Hausman

S
1.1465%%%
~0.0097
0.4028%++
0.0835%
~0.2439%++
1.2009%%%
11241475

12165%%%

08058

##%, %% and * are significant at 1, 5 and 10%, respectively.

XTGS
0.6314%%%
0.1039
—~0.2993%%%
0.0514%
00549
—0.6479
1146617

513,120

EES
073067+
0.0967
~02729%#%
0.0680
009647
02040
88395+

46,0975

06423

1144%

RE
076617
00869
~0.2459%%
007197
0.0794%%
02469
8.98027%
319,597+

06416





OPS/images/fsufs-08-1396739/fsufs-08-1396739-e004.jpg
1,





OPS/images/fsufs-08-1396129/fsufs-08-1396129-t001.jpg
Dependent variable Comprehensive Rural Development Index  Industry development Gross output value of agriculture, forestry, animal husbandry and fishery/gross regional product value
52} Number of rural employees/rural population
“Total power of agricultural machinery
effective irigation area

Rural electricity consumption

Rural environment Usage of agricultural plastic film
Fertilizer usage
Pesticide usage
Afforestation area
Proportion of days when air quality is better than Level 2
Peasant life “Tap water penetration rate
Village clinics Number of village doctors and health workers
Actual rural per capital disposable income/town
Actual rural residents’ consumption expenditure/cities
Minimum subsistence allowance for rural residents/rural population
Postal rural delivery line

Agricultural R&D personnel FTE
Input indicator

Allocation Effciency of Agricultural Internal expenditure of agricultural R&D funds
Core argument Science and Technology Innovation Number of patents granted
1) Output indicators Number of scientific papers published

Gross output value of agriculture, forestry, animal husbandry and fishery

Level of financial support (x2) Fiscal expenditure on agriculture/total fiscal expenditure
Bank liquidity level (x3) Total loans/deposits

Control variable Fixed asset investment level (x4) Fixed assets investment/fixed assets investment in agriculture, forestry, animal husbandry and fishery
Level of utlization of foreign capital (x5) | Actual foreign capital utilized

Regional Education Level (x6) Years of education per capita
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Variables Protein Fat Carbohy... ~ Calcium Iron Vitamin  Vitamin  Vitamin

A B3 c
c -075 _agieee | Lsse -150 —295% | sy 069 ~094 -3.36%
RGS (=1) -148* —87eer | —l6** 188+ 155+ R I s —168* —426%%%
RGS*Year (<1) 0074+ 00475 0.083* 0,094+ 00785 0051F 02918 0084 021254
Year —01835F | -0048% | —0.132¢ ~0226%* 0007 S003FE | —0694THE | —0325FF | —0d54%n
Log P(Cereal) —0140% | 0224 | 0017 ~0209* ~0072 S0265%FF 0101 0I98FEE | 01215
Log P (Red Meat) —0020 | -0156%% | -0091 ~0043 ~0.171 0216+ o112e —0.121%% 0114
Log P (Poultry Meat) 0193 —0247 | -0513%* ~0209* —0.205%%+ ~0.35 —0058  -0199%% | 01067+
Log P (Fish Meat) 001955 | ~0.109%% | 0.164% 0029 0022 0.152% —0251%% | ~0.003%* ~0069
Log P (Fruits) 0095 0380%F | —0310%%% 0041 —0255%% | ~0.152¢ ~0524* 0088 -0406%%*
Log P (Vegetable) —0232% | —0235%% | -0011 ~0389* 0189%FF | -0251WF | —0385%F | 0233 —04d6%E
Log P (Dried Fruits) 0038 | 01504 | 0,007 ~0067+% —0199%% | —0185* | —0173% | —0.118% [
LogP (Dairy Products) 0068 —00175% 0011 0162 ~0.159%% 0052 0434 01064 | ~0.169%
Log P (Vegetable Oil) 01974 0069%F | -0018 019955+ 0.100%+% 01647 ~0057 0123 ~0036*
Log P (Animal Fat) 0030 ~0026 | —0.031%%* 0020 0027 -0024 0.128%% 0011 ~0.038+%
Log P (Legumes) —0.190%% | —0042%% | 0079 02407+ ~0072* 0054 0041 -0.183% 0085
Log P (Sweet) —0225%F | 0226%FF | -0182%FF | —0208%% —043E | —0141R 0002 ~0.057 0039
Log P (Spices) —0242¢% | 0079 | ~0059%* ~0.16% 009 0169 —0010¢ | -0182%% | -0162°
Log P (Beverage) 00335+ 0012 00437 00325+ 0003 002455 00455 0,027+ 00385+
Log HH Size —0451%% | -0146 | —0552%%% 0253 0176 S0333 0947 -0616%F | 09857
Log HH Student —0212% | —0.234%F | 01584 —0210%% —0132% | 02165 | 0028 0070 ~0005
Log HH Age 0575+ 0141 ~0035 04007 061455 0.485% ~0.302% 05374 0406+
Log HH Employee —0018 | -0119%% | 0032 0039 0.051% 01514 ~0008 ~0.067 0088
Log HH Income 062055 | 0674 | 068475 05967 06795 0766%5F | 07228 07265 0688
Log HH Food Share 063755 | 0917%F | 0,686+ 05575 Los9=* 0900%5% | LIogFEe | 05120 1081w
RGS*Log P (Cereal) 0033 0213%% | —0035HE 0015 0040 030175 —0.405%* 0089 0090+
RGS*Log P (Animal 0043 0009 ~0049 0010 0017 ~0018 64 0024 | —0082°%%
Fat)
RGS*LogP (Red Mea) 0079 —01s7FF 0163 0.180 0132 —0120% | —0810%%* 0118 0136+
RGS*Log P (Poultry 0225 0199 —0.082%+* 0128 0297% 0325% ~0381 0030 —0.124%%
Meat)
RGS*LogP (Fish Mea)  —0010  —0.204%%* | ~0.090 0076 0165 —00175 0319+ 0086 0310%
RGS*Log P (Fruits) 0020 022975 0.289% ~0.004 ~0246* ~0015%* 0199 0.122%% 0210
RGS*Log P(Vegetable) ~ —0.101%*  0253** 0016% 0162 0.108 0103555 0577 —0MI7R | 01495
RGS*Log P (Dried ~0.102% 0021 0,032+ 0181+ 00864+ —0065% | 0367%e | —0172%% —0072
Fruits)
RGS*Log P (Dairy 0145 0232 ~0072 0,003 ~0.106%++ ~0018 ~0637+% 0077 ~0083
Products)
RGS*LogP (Vegetable  —0213%%% | —0350%** | —0.lIg** | —0328%% —0058FKE | —0147FE | 0335MH 01014 0,006
oil)
RGS*LogP (Legumes)  —0105 | —0014** | —0.097% 0041 01705+ 0050 0140 0.164%% 0.100
RGS*Log P (Sweet) 02387 02974 —0094ME | 02974 02754 02329+ 0149+ 0151¢ 0240
RGS*Log P (Spices) 0185 ~0026 0182+ 0.001 ~0.1584* 0031 0.430%+* 0031 0.188
RGSLog P (Beverage)  0.167%* 0027 0093 0.150% 01007 | —0129%% | -0.004 0254%% ~0069
RGS*Log HH Size 0069 0155 0134 0029 0022 0022 ~0.108 0223 0178
RGS*Log HH Student  —0.058 ~0151 0062 0181+ 0079 ~0027 -0120 —0234% | 071w
RGS*Log HH Age 0015 ~05975% | 0598* ~0.469** 0257 ~0340% 0.180 ~0.680* 0.432%
RGS*LogHH Home  —0.181%* 0043 ~0067 ~0.143+* ~0025 0022 0049 ~0.054 0022
RGS*Log HH Food 0326+ 0098 0203 03595+ 0071 0130 0124 0258 0.100
Share
RGS"Log HH Income ~ 0.148%* 0018 0029 01487 0011 0037 0040 ~0.004 ~00%9

The dependent variable is the logarithm of the nutrient intake.
#, %%, %% represent levels ofsignificance at 10, 5, and 1%, respectively.
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Variable Calorie  Protein Fat Carbohydrate  Calcium Vitamin  Vitamin  Vitamin

A B3 Cc
Constant 3505 3655 228 40%%% a7enE 2555 3055 26%4% 17+
Year —0015FFF | 0017555 ~0.010%%* ~0.018+% —0022FFF | —00125%F | 001475 0012+ ~0.008+*
RGS (=0) 28+ 24eee 35en 35w 3qeer 2w 3qeer 35eee 16+
Year*RGS(=0) | —0014%%%  —0.012%%%  —0.018%+* ~0.017##% —0017FFF | —0010%FF | 001755 | —0017%FF ~0.008+*
Province
ardebil 0157+ 0.137%%% 0.098%+* 0.153%% 0.129%%% 0.097%%% 0.075%%* 01350+ 0.061%+*
azghar 0.125%%% 0.095%%% 0.105%%* 0.126%%% 0.084%%+ 0.103%%* 0.051%% 012485 0.110%#+
azshar 0.063%%% 0.039%* 0.023 0.053%%+ 0.040%% 0.028* 0.061%++ 0.080%++ 0002
bushehr —0.082¢+% —0013 —0.104%5% ~0.028 ~0020 0.023 0.097%%% 0,047+ 0.100%#*
chaharmahal ~0.040%* 004855 —0.115%%* 0.022 0.080%+* ~0.005 0.014 —0.071%#+ ~0.032
esfahan ~0.006 0.018 0.018 ~0.008 0.049%%+ 0.035%% 0,153+ 0.002 0.058%++
fars 0.029% -0019 0.041%% ~0015 0.005 0.008 0.097%%% ~0.079%++ 0.105%#+
guilan ~0.044%% ~0.004 0.000 ~0.003 ~0025 ~0025 0.035* 0.037%% 0.142¢%%
golestan 0104555 —0.090%%* ~0.024 ~0.078%+% 0134555 015555 018455 —0041%+ ~0.136%++
hamedan 0.059%%+ ~0.036+* ~0.004 0.001 ~0.009 ~0021 0.019 ~0.025 ~0016
hormozgan —0126%FF | —0.040%%  —0.102%%* ~0.093##% ~0061%% ~0.033* ~0.038* —0.080FFF | —0,063%%*
ilam 0.074%%% 0012 0.015 0.014 0.010 0.025 0.003 ~0.012 ~0014
kerman 0.049%5% 0.029% ~0.010 0023 0.009 0011 —0.1775%% ~0033+* ~0.126%++
kermanshah 0.102%%% 0.030% 0,058+ 0.066%+* 0.029% 0.027 ~0.055++% ~0.018 0.003
Khjunubi 0.030% 0.007 0.070%%+ ~0012 0.031% 0.000 —0059%%% | —0091FFF | 0121
Khrazavi 0.024 ~0025 0.073 ~0024 -0022 ~0010 ~0027 0.005 ~0.084%++
Khshomali ~0.029% ~0.037% -0.013 ~0.006 —0060%F% | ~0.058%%% | —0.148%%% 0011 ~0.127%%%
Khuzestan ~0001 -0.004 -0.020 -0014 0.005 0.004 -0017 ~0.107%%* 0.055%*
kohkiluye —0I52FFF | —0.090%FF | —0.152%* ~0.110%% —0088¥FF | —0.069%FF | —0.085%FF | —0.135F 0016
Kurdestan 00457 0.047%%% 0.090%* 0,091 0,053+ 0.048%%% 0.033* 0,105+ 0.040%
lorestan ~0021 0.029% -0.019 0.023 0.006 0.008 ~0.042%* 0.068%+* ~0.074%%*
markazi 0.025 ~0.004 0.024 ~0.009 0.035%* 0022 0114w 0025 0.055%*
‘mazandaran ~0.052%% 0.013 ~0.001 -0019 0.029% 0010 0,146+ 0027 02047
qazvin 0,101 0.026 0.103%* 0039 0.042%% 0.042%% 0118 0025 0106
qom —0.072%% —0014 ~0.041%* -0.033* -0015 0022 0015 0.084%%* ~0.064%+*
semnan 0.006 ~0.009 0.100%* 0.005 -0.027 -0.003 ~0.055++% 0.039%* ~0.007
sistan 0073 —0.034%F | —0.113%* ~0.058%% —0097FFF | —0051FFF | 0377V —0I77FEE | 0198
tehran —0097FFF | 0146V —0.064%* 1547 —0097FFF | —0.135%5F 0,069 —0.117% 0020
yazd 0024 —0033*  —0.068%** ~0.046* ~0.042%% ~0.028* 0.078%%% 0.009 ~0.076%+*

The dependent variable is the logarithm of the nutrient ntake.
*, %%, +++ represent levels of significance at 10, 5, and 1%, respectively.
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Variable Cereal Red Chicken

meat meat
Constant —267*** —184wwx —161"**
Year 0134 0.092%** 0.081%**
RGS (=0) 178 2gens 2500
Year*RGS —0.009%**  —0,013*** —0.014%**
Province
Ardebil 0.014 0.003 —0.007
Azghar —0.003 0.009 0.004
Azshar —0.015 0.013 —0.019%
Bushehr 0.035%* 0.011 0.011
Chaharmahal 0.019 —0.002 0.013
Esfahan 0.047%%% —0.019%* —0.002
Fars 0.057%%* —0.006 0.017
Guilan —0.011 0.020%* —0.008
Golestan —0.067%+* —0.001 —0.006
Hamedan 0.022 0.007 0.002
Hormozgan 0.004 0.027#%%% 0.010
Tlam ~0.006 —0.050%** 0.036***
Kerman =0.005 —0.029*** 0.002
Kermanshah 0.007 —0.001 —0.007
KHjunubi 002%6* | 0018 | -0015
KHrazavi 0.005 =0.010 —0.007
[KHshomali —0.038** —0.018* —0.004
KHuzestan 0.030** 0.021** 0.015
Kohkiluye =0.011 —0.028%** 0.014
Kurdestan =0.012 0.018* 0.001
Lorestan =0.014 —0.004 0.007
Markazi —0.004 —0.011 0.003
‘Mazandaran =0.005 =0.002 —0.025**
Qazvin —0.006 0.018% —0.008
Qom 0013 0000 ~0016
Semnan 0.028* 0.006 0.008
Sistan —0.014 —0.009 —0.009
Tehran —0.069*** 0.051%* —0.002
Yazd 0033 —0.008 0000

¥, %, #% represent levels of significance at 10, 5 and 1%, respectively.

Fish
meat

-
0.093%%*

160

00084+

-0.020
0.018
0.008

0027
0.049%%+
-0.017
0020
~0.043%%%
~0.037+*
0,098+
~0.021
0.012
0.001
0.031%
—0.053***
—0.007
—0017
0.000
0.047%%%
~0.027*

—0.063***
0013

-0.020
0.006
0024
0.004

—0.051%%%
0.017

0.033%*

Dried

products

J—
0,093+

3peee

—0.016+*

~0.019
0.001

—0.032%%%

0.007
0014
0.009
0.000
-0018
~0.001
0015
0.024*
0.043%%*
0.006
0019
~0.005
-0013
0.003
~0.009
0.009
0015
—0.029*
0.007
0.000
-0012
—0.029%%
0.007
~0.005
0.001
~0.023*

Animal
fat

e
00965
0750

—0.0004

0042
~0014
~0.002

0016
0030
0.053*
00865
-0029
0023
0037
~0.075%%
~0.093%5%
—0.127%%
0043
0,062
~0.003
~0.006
01265
~0.013
~0.002
~0.003
0028
0023
~0.006
0002
~0.037

—0.161%+%

—0.014

0.001

Vegetable

oil
_a33wen
o7
e

00174

~0.027%
~0.005
0.004
0.049%%%
0,046+
0.016
-0022
~0.017
~0.035%*
0.024
0015
~0.031*
—0.005
0.004

~0.044%*

01120
—0.005
0018

0.056+**
0018

~0.037+*
0014
0.033*
00413

0087+

—0.005

—0.044%+

Fruits

-
0.084%*
2

~0.001

0019
0,036+
~0.022+%

0.025%%
~0.001
0.002
~0.002
~0.001
~0.001
0016
0.025%%
0.021%
0027
0.002
~0.057%**
-0015
~0.017
0.028%
~0.010
0,022+
0.007
~0.029%##
0015
~0.007
0025
-0013
0023+
0.035%++

0.004

Dried
fruits

_199%ex
0.100%5*

P

—0.028%%%

-0.024
~0.003
0.037%%
0.009
-0023
0010
0.041%%
0.028
0.040%*
—0.068++*
~0.009
0017
0025
0029
—0011
0.000
-0015
0.005
—0.024
0.002
~0.036*
0023
0,037+
—0010
~0.030*
—0.006
0.024
—0.007
—0026

Vegetable

Y-
0.090%#*

20wee

~0.010%*

0013
00407
~0.026%*

0.006
0.008
~0.010
~0.009
~0.027%%
-0012
0015
0.019%
0.002
~0.003
0017
~0.006
~0.020*
~0.006
0015
-0012
0012
0011
-0012
~0.037%#
~0.004
-0012
0.002
—0.018*
0.057%++
~0.004

Legumes

_a1gwen
0,110

e

~0.007%%*

~0.001
0.005
~0.012
0.031%%
~0.018
~0011
0.008
~0.027%
0026
~0.001
0.024*
~0.014
0.006
0.039%5%
0010
—0.031%*
~0.020
0.030%*
0.000
0015
~0.021
-0.003
0026
—0015
0004
—0001
—0001
0.007

—0.033+*

Sweets

-
0.095%*

P

~0.030%+*

-0.020
-0.018
~0.016

~0.073%

0,033+
0014
-0.027
0.004
~0.049%++
0021
-0.029*
—0.032*
~0.014
0020
0011
0016
0.029%
00747
~0.004
0.009
0.038**
~0.036**
~0.035%*
—0.042%%
0.096%++
0.028*
—0.085%++
0.024

0.041%*

Spices

-
0080+
-18

0.001

~0.043%++
0.001
0014
~0.002
~0.032+%
0.003
-0012
0020
0.003
0.025%
~0.001
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Variable name Variable definition

RGS is the time when the policy had not been

fes initiated, 0 otherwise
LPes Logarithm of Cereals Group Price Index
LnPyra Logarithm of Vegetable Fat Group Price Index
LnPys Logarithm of Animal Fat Group Price Index
P Logarithm of Red Meat Group Price Index
LnPrss Logarithm of Poultry Meat Group Price Index
LnPres Logarithm of Fish Meat Group Price Index
LnPrgn Logarithm of Legumes Group Price Index
LnPogus Logarithm of Dried Fruit Group Price Index
LnPop Logarithm of Dairy Products Price Index
Py Logarithm of Fruits Group Price Index
Py, Logarithm of Vegetables Group Price Index
Py Logarithm of Sweets Group Price Index
LnPis, Logarithm of Beverage Group Price Index
LnPy, Logarithm of Spices Group Price Index.
. Logarithm of Household Food Share of Total
Expenditure
Lnlncom Logarithm of Household Total Expenditure
LuHSize Logarithm of Household Size
LnHHAge Logarithm of Household Head Age
— Logarithm of The Number of Students in
Household
o Logarithm of The Number of employees in

Household

LnHHome Logarithm of Home Area (Square Meters)
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Variable 5] EE DIF-GMM SYS-GMM
0.0278%+ 00138 00165 0.0322%4%
Scale of rural financial development 0.0244%5% 0.1354%5 01817+ 0.0435%%
Rural infrastructure level ~00035 ~00099 ~0.0206 00055
Regional education level 0.0848 0.4569++* 13050+ 00931
Phase I lag matching degree 0.9127%4 07013%% 05604+ 0.8586%+%
c ~03771%% ~21604++* - -
R 08956 07735 - -
F 67385%% 855384+ - —
AR(1) - — ~3.10(0.002) ~410 (0.000)
ARQ) - - ~133 (0.184) ~1.82(0.069)
Sargan - - 52.88(0.327) 306.58(0.123)

#¥%, %% and * are significant at 1%, 5% and 10% levels respectively; () is the p value of AR (1), AR (2) and Sargan test.
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Mean Average Mean  Average annual

annual growth growth rate (%)
rate (%)
Beijing City 04535 04474 035 Henan Province 06676 04122 290
“Tianjin City 0.6554 04132 2.88 Hubei province 0.6608 0.4468 2.06
Hebei Province 0.6443 0.4160 265 Hunan Province 0.6310 04172 1.96
Shamxi Province 05814 04370 145 Guangdong Province 06393 04115 262
Inner Mongolia 0.5946 04362 133 ‘Guangxi Zhuang Autonomous Region 0.6619 04217 213

Autonomous Region

Liaoning Province 04771 04291 057 Hainan Province 05815 04224 144
Jilin Province 06122 04281 145 Chongging City 06399 04345 169
Heilongjiang Province 05898 0.4255 231 Sichuan Province 06391 0.4469 185
Shanghai City 05266 04638 052 Guizhou Province 06739 04082 242
Jiangsu Province 06702 04713 193 ‘Yunnan Province 05199 04093 116
Zhejiang Province 06550 | 04407 244 Shaanxi Province 05970 | 04332 138
Anhui Province 06478 | 04435 240 Gansu Province 05255 0.4390 123
Fujian Province 06123 04510 172 Qinghai Province 05721 04179 219
Jiangxi Province 06161 04027 174 Ningxia Hui Autonomous Region 05700 0.3976 127

Shandong Province 06521 04554 213 Xinjiang Uygur Autonomous Region 06064 04657 164
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0038 (0.071)
2275

0.030
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innovation
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Yes.

Yes

Yes
~7.426%+% (0.955)

845

0199

strategic
innovation

0.696 (0.731)

Yes

Yes
Yes

—5.966*+* (1.113)
1,009

0233

substantive
innovation

19845+ (0.716)

Yes

Yes
Yes

~7.6044* (0.966)
845

0.200
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Yes

Yes
Yes
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1,009
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Beijing- Northeast Yangtze Central South Southwest  Northwest

Tianjin- Hebei River Delta section China

2006 03149 02925 03524 03326 03332 03494 03523
2007 03162 03519 03464 03024 03111 03157 03479
2008 02973 03301 03412 0.2858 0.2975 0.2886 03202
2009 03012 03356 03490 03130 0.3065 0.2808. 03382
2010 03360 03719 03638 03438 03493 03189 03475
2011 03667 03818 03763 03544 03695 03128 03671
2012 04111 04349 04208 03877 0.4084 03530 03923
2013 04421 04768 04585 04215 04157 04187 04472
2014 0.4621 04634 04835 0.4448 0.4283 04384 04509
2015 05148 04641 05109 04717 0.4547 0.4688 04630
2016 05194 04827 05228 04994 04732 05164 04981
2017 0.4853 04849 05340 05146 05178 05319 05202
2018 04927 04673 05667 05446 05406 05788 05097
2019 0.5387 05398 05709 0.5742 05701 0.5807 05302
2020 05844 05684 06249 06348 0.6238 06182 05742
Mean 04255 04297 04548 04285 0.4266 04247 04307
Average annual 194 208 179 203 196 179 153

growth rate (%)
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~5.871%** (0.398)
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~5.634%"* (0.603)
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0635
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TFP_LP
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Yes
Yes
~5.002°* (0.541)
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0823
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~0.090(0.199)
Yes
Yes
Yes
~6.047+4% (0.644)
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Coupling Coupling

degree degree
2011 0.3608 2016 0.5008
2012 03998 2017 05140
2013 0.4396 2018 05302
2014 04521 2019 05586

2015 04761 2020 06058
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TFP_LP
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TFP_LP

Maturity
TFP_LP

Decline
TFP_LP

AP
AR

Control variables
Year

Firm

_cons

N

r

2.958%+* (0.369)

—6.843%** (0.536)
550

0799

2.370%% (0.296)

~7.505%%* (0.395)
1,137

0.758

2.063++* (0.421)

Yes

Yes

Yes
~8.071%%* (0.526)

559

0811

0,549 (0.343)
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Yes
~6.576%** (0.568)
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0774

1.551%4% (0.237)
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Yes
Yes
~7.522%%% (0.400)
1137

0.754

0.156 (0337)
Yes
Yes
Yes
—4.251%%* (0.646)
559

0831
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Regi 2020
Beijing City 03684
Tianjin City 04997
Hebei Province 04977
Shanxi Province 04991
Inner Mongolia Autonomous Region 04992
Liaoning Province 04217
Jilin Province 04877
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04787
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04754

04826
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04901
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Regi
Henan Province

Hubei province

Hunan Province

Guangdong Province

Guangxi Zhuang Autonomous Region
Hainan Province

Chongging City

Sichuan Province

Guizhou Province

Yunnan Province

Shaansi Province

Gansu Province

Qinghai Province

Ningxia Hui Autonomous Region

Xinjiang Uygur Autonomous Region

202

0.4996

0.4991
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0.4978

0.4993

0.4891

0.4988
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0.4996

0.4541
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Primary industry Secondary industry Primary industry Secondary industry

TFP_LP TFP_LP TFP_LP TFP_LP
AP 1.980*%* (0.263) 1.003%*# (0.192)
AR 1.076¥%* (0.245) 0.4374% (0.164)
Control variables Yes Yes Yes Yes
Year Yes Yes Yes Yes
Firm Yes Yes Yes Yes
_cons ~3704%% (0619) —4176%% (0.363) —4.1297%% (0.633) ~3.974%% (0.365)
N 674 1,806 674 1,806

” 0675 0.708 0655 0.709
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Beijing- Northeast Yangtze Central South Southwest Northwest

Tianjin-Hebei River Delta section China
2006 04618 03383 04959 04895 04740 04402 03990
2007 0.4890 04535 04921 04538 0.4621 04530 04583
2008 0.4765 04927 04811 04289 04697 04467 04764
2009 0.4762 0.4805 04722 04558 04723 0.4660 04826
2010 04723 0.4798 04710 04709 04932 04574 04780
2011 04705 04854 04618 04784 0.4898 04508 04905
2012 0.4665 04977 0.4687 04867 0.4983 04779 04920
2013 0.4707 04931 04742 04944 04947 04724 04889
2014 04751 0.4948 0.4902 04946 04915 04859 04916
2015 0.4965 04971 04955 04966 04928 04879 04760
2016 0.4985 04873 04992 04968 0.4907 04919 04837
2017 0.4397 0.4656 04925 04799 04914 04777 04938
2018 04545 04653 0.4960 04805 04967 04950 0.4982
2019 0.4610 04840 04937 04911 04991 04887 04949
2020 0.4553 04725 04977 04993 0.4955 04881 04816

Mean 04710 04725 04842 04798 04875 04720 04790
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AR 0436 (0397) 0.041(0.741) 3199%4% (1038) | 2453%% (0.749)  L444*% (0366) 0294 (0.268) 0.544%% (0.252)

Control variables Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes
Firm Yes Yes Yes Yes Yes Yes Yes
_cons —4.935%% (1.005) | —12512%%% (1.811) | =7320%%% (1.029) = 3.054* (1717)  —-2789%%%(0.672) —4.928%%* (0557)  —6.759*** (0.383)
N 299 67 164 109 628 521 657

r 0725 0.698 0719 0586 0594 0797 0.864
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Time Coupling Time Coupling Time Coupling

degree degree degree
2006 04437 2011 0.4762 2016 04924
2007 04641 2012 0.4850 2017 04792
2008 04649 2013 0.4853 2018 04850
2009 04713 2014 0.4900 2019 0.4389

2010 04746 2015 04914 2020 04861
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Type Variable name Variable meanin

Dependent variable Matching degree Matehing value between Agricultural science and technology innovation

and rural industry integration

Independent Core arguments Rural revitalization policy “Take 1in 2018 and later, otherwise take 0
variable Control variable Scale of rural financial development Balance of agricultural loans

Rural infrastructure level Village road mileage

Regional education level Per capita years of education

Phase I lag matching degree Matching value between technological finance and rural industrial

integration lagging behind Phase I
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Control variables
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Indicator level

Indicator meaning
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science and
technology
innovation

system

Rural industry
integration

system

Investment in agricultural
science and technology

innovation

Agricultural scientific and
technological innovation

output

Integration of rural service

industry

Rural industrial chain

extension

Cultivation of new agricultural
formats
Multi-functional expansion of

agriculture

R&D personnel
R&D expenditure

R&D institutions

Paper output

Patent output
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Development level of agriculture,
forestry; animal husbandry and fishery

service industry

Management level of agricultural

industrialization

Facility agriculture scale

Employment level of secondary and

tertiary industries

Developmentlevel of leisure agriculture

R&D expenditure
Internal expenditure of research and experiment (R&D) funds/GDP
Number of R&D institutions

Scientific papers

Number of patent applications authorized

Contract amount of technology market/GDP

Total output value of agriculture, forestry, animal husbandry and fishery
services/Total output value of agriculture, forestry, animal husbandry and
fishery

Main business income of food industry

Iotal output value of agriculture, forestry,

imal husbandry and fishery

Area of facility agriculture

Jcultivated land

“Total employment in secondary and tertiary industries

Business income of leisure agriculture

Jtotal output value of agriculture, forestry, animal husbandry and fishery
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Explanatory
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Variable
name

TFP_LP
TFP_OP
TFP_FE
TFP_GMM
AP

AR

Bank

Size
Cashflow
Lev

ROA

Fixed

Growth

ListAge
Year

Firm

Variable definition

Total factor productivity
Total factor productivity
“Total factor productivity
Total factor productivity
‘Trade credit acquisition
“Trade credit provision
Bank loan

Enterprise scale

Cash flow ratio
Company leverage
Return on total assets

Proportion of fixed assets
Revenue growth rate

Years lsted
Fixed year

Fixed Firm

Calculation method

LP method

OP method

FE method

GMM method

(Accounts payable + notes payable + advance receipts)/total assets

(Accounts receivable + notes receivable + prepayments)/total assets

“The ratio of long and short-term borrowings to total assets of the company at the end of the year
‘The natural logarithm of the total assets a the end of the year for a company.

“The ratio of net cash flow from operational operations to ttal assets.

Corporate leverage ratio

Return on assets i the ratio of net profit o total assets at the end of a period for a company.
Net fixed assets divided by total assets

Calculate year-over-year revenue growth by dividing the current year's operating revenue by the
prior year's and subtracting 1.

In(current year - year of listing +1)
Year dummy variable

Firm dummy variable
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Variable Model | Model Il

Coefficient Standard error Coefficient Standard error

‘WeChat at the official account

~061 090 —on 218
from the Media
CCTV News Channel 3,064 088 Bt 132
Positive and Analytical
705+ 104 589 283
Information
Positive and Conclusion
4760 102 3647 154
Information
Positive, Negative, and
260 103 2947+ 139
Analytical Information
Consumer Initial Attitude 143* 075 5500 181
Gender -095 069 ~099 068
Age 002 004 002 004
Education 046 040 -047 040
‘The Demand for nutritional
098+ 050 L02% 049
value information
‘The Demand for information
on chemical residues and 047 048 056 048
diseases
Information Source* Type of
- - 010 040
Information
Consumer Initial Attitude *
- - —2017% 065
‘Type of Information
Constant Term 109 305 ~005 370
R 0.1680 01878

#, %%, %% indicate that the variable is significant at the 10, 5, and 1% levels, respectively.
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Type of

Information

Mean 553
Standard Deviation a1
Type of Information B
Mean 103
Standard Deviation 2013
‘Type of Information o
Mean 514
Standard Deviation 330

Data Source: Survey Data Statistics.
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Perception of Consumers Standard

about Broiler product Deviation

Consumer perception of the sensory and nutritional value of broiler products

Eating the right

amount of chicken | Number 15 2 75 230 0 - "
every day is good for  Percentage(%) 361 625 1803 5529 16.83 )
my nutritional health
Ithink chicken is a
Number 8 2 75 21 7
good source of 384 086
X Percentage(%) 192 553 18.03 5553 18.99
protein
Ithink chicken is
Number 9 19 80 25 9
lower in fat than 388 088
Percentage(%) 216 457 1923 5168 236
pork
Consumers’ perception of chemical residues and epidemic diseases in broiler products
Tam worried that
there are alot of
chemical residues in  Number 51 126 9 108 38 - -
chicken, and eating  Percentage(%) 1226 30.29 2236 2596 913 . |
more chicken will
affect my health
Tam very concerned
that the rapid growth
of broiler chickens
Number n 37 58 27 8
currently on the 380 095
Percentage(%) 264 889 1394 5457 19.95
market is due to the
stimulating effect of
hormones
Tam concerned
about purchasing Number 9 29 46 209 123 - -
chicken products Percentage(%) 216 6.97 1106 5024 29.57 : :
with poultry blight
Consumers' perception of market supervision of broiler products
Ithink the
governments
supervision of the
Number 13 55 94 212 4
sanitary environment 353 095
Percentage(%) 32 1274 2260 5096 1058

and epidemic disease
of broiler farms is
effective

Data Source: Research Data Collation.
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Variable name Variable Number of sample

(Percentage %)

Male 184 (44.23)
Gender
Female 232(55.77)
20-30 130 (31.49)
30-40 117 (28.10)
Age
40-50 89 (21.36)
Above 50 80 (19.05)
Junior high school and
114 (27.4)
below
Education High School and
87 (20.91)
Secondary School
College and above 215 (51.68)
3,000 RMB and below 15 (361)
3,000-8,000 RMB 90 (21.69)
8,000-13,000 RMB 116 (27.95)
Income
13,000-18,000 RMB 77 (18.55)
18,000-23,000 RMB 58 (13.73)
Above 23,000 RMB 60 (14.46)

Data Source: Research Data Collation.
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Type of Information

Positive and Analytical Information(1)

Positive and Conclusion

Information(11)

Positive, Negative and Analytical Information(IIT)
Positive Negative and Conclusion Information(IV)

Unit: copies.
Data Source: Research Data Collation.

Information source

WecChat at the official CCTV News Channel
account from the Media (3]
(o)
3 36
35 36
3 35
3 36

China Food
Safety News
)
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Variable Assignment and descripti

Dependent variable
Changes in consumer perception

Independent variable

Information source

Control variable

‘WeChat at the official account from the Media

CCTV News Channel

Positive and analytical information

Positive and conclusion information

Positive, Negative, and Analytical Information

Information Source* Type of Information

Consumer Initial Attitude * Type of Information

Gender
Age

Education

‘The Demand for nutritional value information

Demand for information on chemical residues and diseases

Score, Continuous Variable

1
0

/eChat at the official account from the Met

ther source

1=CCTV News Channel
0=Other source

1=Positive and Analytical Information
0=0Others

1= Positive and Conclusion Information
0=Others

ositive, Negative, and Analytical Information
0=0thers

1=Positive At

ude; 0=Negative Attitude
“The Interactive Term of Information Source and Type of Information

‘The Interactive Term of Consumer Initial Attitude and Type of

Information

ale, 0= Female
Continuous Variable, Age
Continuous Variable, Year

0 not care, 2= Do not pay much attention, 3=more concerned,
4=very concerned
1=Do not care, 2= Do not pay much attention, 3= More concerned,

4=Very concerned
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Model ( (2) (3)
Co-network attributes
shock_2018 1.0202%
(-2.1367)
shock_2019 0.9580*
(-2.0493)
shock_2020 10041%
(-2.1315)

Network endogenous structural attributes

~3.5979% ~39125%* ~4.3666%*
edges
(2:8679) (3.2959) (4.3010)
reciprocity 15357%%% 15150%%% 1318155+
(-8.7733) (-72077) (~4.1734)
23565+ 2204745+ 24539+
gwidegree
(~10.2072) (~13.5352) (~8.1509)
~02895%+* ~03162%+* ~034975%%
awdsp
(8.4025) (8.9154) (6.2678)
ovesp 150387+ 15379 L6321+
(~12:4750) (-122733) (~105937)

Network exogenous structural attributes

In ped —0.1135* —0.1111* —0.1600%**
oo
§ (2:2056) Qa8 (s.1101)
1 popi ~0.0602* ~0.0657* ~0.0576
it
(2:2958) (2:4068) (15223
I —0.0047 0.1871 0.4111%**
openy
i ©0.1388) (-12310) (~47306)
| " ~0.0366" =0.0263 =0.0218
R (18604) (11673) (12555)
0.0652" 0.0604* 0.0536"
npopjt (-1.7329) (-2.0305) (-20049)
N 00275 00066 o178
openjy
’ (~0.4925) (-01732) (-05855)
0.0658 0.0191
Indist
it (-11156) (~02941)

Standard error in parentheses. Significance level: #**p < 0.001, *#p <001, *p < 0.05,*
p <0.10. In contrast to traditional linear regression techniques, the TERGM employs a
pseudo-maximum likelihood estimation (MPLE) method that does not adhere to the
“independence” assumption. As a result,the standard errors n it regression outputs serve as
an optimal approximation, which may potentially lead to underestimation of variability
(Robins et al..2007). To enhance the accuracy of the model estimation results, the
significance level for testing the parameters of the network model s setat a minimum
threshold of 0.1%.
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\ELELIES Modulus Descripti

Bdges (edges) O O ‘The benchmark tendency of trade dependence relation, able to indirectly reflect network density.
Reciprocity O—0 ‘The reciprocal relation formed between network nodes i and j, with the dependence relation extending
(reciprocity) from one party to the other.

Preferential @) Network node j is the receiving end of the extending of multiple trade dependence relations at the same

dependence time.

(gwidegree) O" é)k O

“Transfer connectivity

(gwdsp)

Network node i extends trade dependence relation to node j via the third-party node k, forming the

transfer connectivity of network relations.

Transfer closure Network node i extends trade dependence relation to node j via the third-party node &, and then forms a

(gwesp) direct trade dependence relation with node j (which can be understood as ‘my friends friend is my
friend"), thus forming a network structure of transfer closed loop.
O——0
Sender attribute O ‘The influence of sender attribute on TDN relationship
Receiver attribute O ‘The impact of recipient attribute on TDN relationship
Network external O—0 “The impact of exogenous network characteristics (such as geographical distance) of network nodes on the
attribute formation of trade dependence relation.
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) (2) (3) (4) (] (6)

High-quality ~ High-quality ~ High-quality = High-quality ~ High-quality ~ High-quality

AP 0.088*+* (0.013) 0.048%+* (0.014) 0.052+%# (0.015)

AR ~0.023(0.017) 0.033+* (0.014) 0.031%* (0.014)
Control variables No No Yes Yes Yes Yes

Year No No No No Yes Yes

Firm No No No No Yes Yes

_cons 0.028** (0.013) 0.025%#* (0.008) ~0.386** (0.017) ~0.381%%* (0.017) —0.385%+* (0.020) ~0.382##* (0.020)
N 1,547 1,547 1453 1453 1453 1453

” 0.089 0139 0436 0433 0441 0438
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Primary indicator

Development quality (27.4%)

Green development (26.95%)

Social benefits (1.69%)

Innovation capacity (43.5%)

Risk management (0.02%)

Corporate governance (0.40%)

Secondary indicator
Profitability
Growth capacity

Market Capabilities

Debt-servicing capacity

Operational capability
Green governance capacities
Green output quality
Corporation value

Capacity for innovative inputs

Quality of Innovation

Risk control capabilities

Comprehensive governance capabilities

Tertiary indicatol

total return on assets
Operating income growth rate
Price-to-carnings ratio

Q

Asset-liabiliy ratio

Tol

Turnover ratio
Asset turnover ratio

Wind ESG Environmental Score
Number of green patents

Wind ESG Social Score

R&D investment

Number of R&D personnel
Number of invention patents
Financial leverage

Operating leverage

Wind ESG Social Score

192

179

565

223

403

292

169

1283

1374

1693

001

001
040
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Mean outcome

Credit- Credit- =
p ATT
unconstrained = constrained value
Ginger yield
(log)

*Statistically significant at 10% probability level. Source: Author’s computation, 2022
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Variables FIML endogenous switching regression

Ginger yield
Credit-constrained Unconstrained
Coefficient  Std. Coefficient  Std.
error error

Sex ~0216% 0124 ~0233 0.159
Age ~0018 0.044 ~0055 0074
Age2 00002 0.0004 0.0006 0.0007
Marital status -0010 0059 0122 0.068
Family size 0.06%+% 0019 0.062* 0032
Experience 0003 0.006 ~0001 0.010
Education 0.004 0017 ~0.009 0032
Farm size 0458+ 0.084 ~0.908++ 015
LU 0.014% 0.008 0022 0013
Offfon-farm 0119 0.084 0.091 0122
Number of ~0015 0024 ~0.018 0.041
extension
service
Cooperative 01445 0072 0.069 0.103
‘membership
Constant 5.495%4% 1057 6246+ 1768
o 0361%4% 0018
o 0513+ 0057
[ 0.130 0313
pZ ~0.897%+ 0059
Observation 343
Log 308.128 Prob > chi2=0
likelihood
LR test of Prob > chi2=0.0063
inep. Eqns:
Wald 4185
chi2(12)

Statstcally significant at the 19 (++4), 5% (+*), and 10% (*) probabilty levels. Source:
Author's field survey, 2022.





OPS/images/fsufs-08-1334799/fsufs-08-1334799-t003.jpg
Variables Std. error
Credit constraint (Yes=1,

No=0)

Sex 028 0344
Age 0038 014
Age2 ~0.00057 00014
Marital status ~026* 014
Family size ~0173 0.158
Experience ~0013 0018
Education 0031 0059
Farm size 1335%5% 0193
LU ~005** 0025
Offfon-farm ~0352 0248
Cooperative membership ~0.071 0207
Distance to credit source 000845+ 00029
Number of extension service 0014 0076
Informational access JRYER 0319
Constant ~0.393 3376

Sttisticaly ignificant at the 1% (++%), 5% (+%), and 10% (%) levels. Source: Author’ field
survey, 2022,
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Mean value by credit constraint category

VeSS Credit constrained  Credit unconstrained

(N =228) (N =115)

Yield/ha (quintals) 12712 1302 155.07 25.46 %%
Sex of the hh head (M=1) 0932 0.956 0887 —212%
Age (years) 7.5 4692 476 0899
Age square 226607 224305 21172 096
Marital status 2227 213 241 435 0
Education of the hh (years) 235 237 231 -037

size in AE (number) 4057 397 423 167%

e (ha) L1 124 083 —8.07 ***
Distance (minutes) 4386 4479 42 -107
Livestock owned (TLU) 492 479 5.179 087
Experience (years) 15.58 1517 164 2%+
Extension contract (frequency) 224 2197 231 08
Member of co-op (yes=1) 0402 0.403 04 006
Off-farm activity (yes=1) 0425 0.407 046 016

Information access (yes=1) 051 052 049 -038

Statistical significance at 1% (**¥), 5% (**), and 10% (*) probability levels. Source: Author’ field survey, 2022.
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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 2
Hadaro-Tunto | Mukurunja 620 66
Ajora 623 67
Total 3208 313

Source: Boloso-Bombe and Hadaro-Tunto Agricultural District Office, 2022.
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