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Introduction: Food security is a common livelihood issue that has received much attention from countries all over the world. Thus, researching the impact of COVID-19 on eradicating hunger, achieving food security, and improving nutrition can provide experiences for effectively responding to future emergencies that may affect food security.

Research and methods: Previous studies on the impact of COVID-19 on food security are less concerned with its impact on improving nutrition, therefore, this paper opens the black box of the process of eliminating hunger, reaching food security and improving nutrition, and divides it into the agricultural production sub-stage and the elimination of hunger and improvement of nutritional sustainability sub-stage. On the other hand, most of the past studies are based on impact pathway analysis only, and lack the assessment of the degree of impact from a quantitative perspective. Therefore, this paper takes the data of 29 provinces in China from 2016 to 2020 as the object of the study to measure their total and sub-stage efficiencies in the process of eradicating hunger, reaching food security, and improving nutrition, and to explore the characteristics of their spatial distributions. Meanwhile, the focus is concentrated on the 2019–2020 window to explore the impact of COVID-19.

Result and discussion: Based on research findings, this paper puts forward policy recommendations such as establishing a sound natural disaster prevention and control mechanism and accelerating agricultural technological innovation in order to better reduce the negative impact of food security emergencies in the future.
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1 Introduction

According to the 2023 State of Food Security and Nutrition in the World report, there are currently about 735 million hungry people in the world, an increase of 122 million compared to before the outbreak of COVID-19 in 2019 (World Health Organization, 2023). There is a lot of evidence that major global emergencies such as COVID-19, extreme weather events, and the conflict in Ukraine will pose a major threat to the achievement of Sustainable Development Goal 2 (SDG2) of “Zero Hunger.” Taking COVID-19 as an example, it is estimated that the number of hungry people will increase by nearly 90 million in 2019–2020 alone. Moreover, the impact of such major emergencies on food security and improved nutrition is more serious in developing countries, with the proportion of hungry people in Africa approaching 20%, Asia 8.5%, and Latin America and the Caribbean 6.5% (World Health Organization, 2023). Therefore, how to recover from COVID-19 as soon as possible, reduce poverty and hunger, and achieve food security has become an important issue that has attracted close attention from the international community.

According to the definition of the United Nations World Food Security Committee, food security means that all people have physical, social and economic access to sufficient, safe and nutritious food at all times to meet their food preferences, eating habits and the needs of an active and healthy life. Global food security depends on the normal operation of the global food and agricultural supply system. The impact of COVID-19 on the global food supply chain is mainly through the following three channels. At the production level, anti-epidemic measures have restricted the flow of workers in the food and agricultural industry, exacerbated the shortage of agricultural labor, and made it difficult to purchase agricultural inputs needed for food production, resulting in production obstructions and affecting food production. At the circulation level, COVID-19 affects the circulation of food, especially the circulation of international food and agricultural trade, which has hit the enthusiasm of market players to participate in international trade and led to a reduction in trade and investment (Pavolova et al., 2021; Akbari et al., 2021); at the same time, the food export restrictions of some food exporting countries such as Russia and Belarus have caused sharp fluctuations in international food prices, disrupting the global food supply chain (Alpizar et al., 2011; Fukase and Martin, 2016). On the consumer side, under the influence of Covid-19, the world economic growth rate has dropped sharply and fallen into recession. The restrictions on the flow of people taken by various countries have caused the economy to stop, and production and work cannot be resumed quickly, resulting in reduced income, which affects the ability of vulnerable groups to obtain food (Balgah et al., 2023; Huang et al., 2023; Jin et al., 2022). From the above analysis, it can be seen that countries exhibited uneven levels of food security even before the outbreak of COVID-19, and that under the impact of COVID-19, any disruption in production, distribution, and consumption would lead to a break in a country’s food supply chain.

Thus, safeguarding food production, effectively saving food and reducing losses, and upgrading the capacity of food reserves and management are very important for coping with the impact on food security of various emergencies such as COVID-19 (Hou et al., 2022; Kelsall et al., 2023; Lu et al., 2023). The resilience of a country’s agri-food system is affected by climate conditions and natural resources, the level of agricultural science and technology and business models, agricultural support policies, public awareness of food security and other factors, and shows different resilience in response to shocks and pressures (Huang and Yang, 2017; Brown et al., 2017; Wang et al., 2018). Faced with an extremely unstable world food supply, as the world’s largest food producer, China uses less than 9% of the world’s arable land to produce about 1/4 of the world’s food, solving the problem of feeding 1/5 of the world’s population and making positive contributions to addressing global food security issues. In terms of improving nutrition, the nutritional level of Chinese residents has significantly improved, and the consumption structure has also changed significantly. The consumption of staple foods such as rice and wheat has gradually decreased, while the consumption of meat, poultry, eggs, milk and other animal foods has increased significantly (Patel and Shrimali, 2023; Qin et al., 2022). In response to major natural disasters and public safety incidents such as COVID-19, China has established a complete emergency reserve system in large and medium-sized cities and areas where prices are prone to fluctuate, which can provide 10–15 days of emergency supply. All of the above shows that China has rich theoretical and practical experience in eliminating hunger, achieving food security and improving nutrition (Zivin et al., 2020; Yang, 2022). Research on relevant data in China will hopefully provide reference for developing countries.

Based on the above analyses, this paper explores the relationship between the stages of agricultural production and the sub-stages of hunger eradication, achieving food security, and improving nutrition in China and answers the following questions: (1) How to assess the efficiency of the process of agricultural production, hunger eradication, achieving food security, and improving nutrition? (2) To what extent does COVID-19 impact this process? (3) How can the efficiency of agricultural production be effectively improved to better contribute to eradicating hunger, achieving food security, and improving nutrition?

To address the above questions, this paper establishes the Entropy Window two-stage DDF model, divides the 2016–2020 period into window sub-periods of 2 years, measures the overall efficiency value of the process of eradicating hunger, achieving food security, and improving nutrition in the agricultural production of 29 provinces in China in each window and the efficiency value of the sub-stages, and conducts comparative analyses by stage, by region, and by province. The impacts of COVID-19 on hunger eradication, achieving food security, and improving nutrition are further explored based on the epidemic’s 2019–2020 window. From an objective and comprehensive understanding of the current situation of China’s food security, this paper offers targeted policy recommendations for the nation to ensure food security, improve agricultural production, eradicate hunger, and improve nutrition.

The rest of the paper runs as follows. Section 2 surveys the relevant literature on food security and presents the innovations of the paper. Section 3 describes the modeling process and the sources and methods of dataset creation. Section 4 provides an empirical analysis based on the results of the Entropy Window two-stage DDF model and explores in depth the impact of COVID-19 on eradicating hunger, reaching food security, and improving nutrition. Section 5 presents relevant policy recommendations.



2 Literature review

The concept of food security was first introduced by the Food and Agriculture Organization of the United Nations (FAO) at the World Food Conference held in Rome in 1974. Subsequently, the connotation of the concept has been enriched continuously, and research related to food security has also been deepened. Many scholars have focused on three main aspects of food security as follows.

Factors influencing food security. The literature on factors influencing food security mostly focuses on the status of natural resource endowment such as moisture, arable land, and light, as well as the status of human resources such as labor force and technology level. Abbas et al. (2023), Wu et al. (2023), and Amadou et al. (2021) examined the effects of climate change, the level of intensive land use, and digital technology on food security, respectively. Vochozka et al. (2020a, 2020b), on the other hand, pointed out that changes in the price of fossil fuels will also have an impact on the price of food, leading to food insecurity. Tang et al. (2015) conducted an empirical analysis based on China’s macroeconomic data for 1978–2013, and the results showed that agricultural mechanization, fertilizer, efficient irrigation, and food policy are important factors in reaching food security, while the role of per capita sown area of grain has been decreasing year by year. Some scholars have also analyzed the impact of major emergencies on food security. For example, Lialina and Morachevskaya (2022) argued that the impact of COVID-19 on food security manifested itself in a decline in people’s income and an increase in food price.

Food security evaluation. Many scholars have used hierarchical analysis, entropy weight TOPSIS model, data envelopment analysis (DEA), and other methods for assessment of food security evaluation, among which the DEA method is the more commonly used method by many scholars. For example, Hu et al. (2021) used a three-stage DEA model to assess the efficiency of China’s main grain producing areas for 2007–2019 after removing environmental factors and random variables; Fu et al. (2021) applied a DEA model to assess China’s food security from the perspective of trade and concluded that the status quo of its heavy dependence on the international market for soybeans may bring a crisis to its food security. Gokhan and Shannon (2019) evaluated the food security of states in the United States over a 13-year period based on the DEA-Malmquist model and concluded that food security was improving during that time.

Risks and challenges to food security and measures to address them. Some scholars considered the changes in supply and demand brought about by declining yields and rising food prices in the international food market, the uncertainty of policies in various countries, and the high concentration of food exports and low concentration of imports as risk challenges to reach food security (Zhang et al., 2014; Zhang et al., 2022; Zhong et al., 2018). They then proposed countermeasures to these challenges. There are also scholars who focus on a specific type of challenge and propose corresponding solutions. For example, in improving agricultural science and technology, satellite forecasting can be used to detect crops (Tanaka et al., 2023), the role of big data and algorithms in predicting food prices can be utilized (Valaskova et al., 2024; Kliestik et al., 2024), and the use of AI in agricultural production can be increased (Kliestik et al., 2023; Dvorský et al., 2023). In terms of improving the environment for agricultural production, soil fertility can be restored through biochar (Maroušek, 2014; Maroušek et al., 2017). Based on the coupling of the three systems of energy-water-food, De Laurentiis et al. (2016) proposed that achieving sustainable agricultural development, reducing food losses at all stages of production, and forming dietary habits that conserve food and reduce wastage are effective measures to cope with food risks.

The above literature has studied food security based on different perspectives and methods, which is an important reference value for understanding the current situation of food security and constructing a food security evaluation system, but there are still some issues that need to be further explored. First, when assessing food security, the literature is mostly based on food supply security, while the assessment of nutritional supply is missing. Sajjad (2017) proposed sood security at the nutritional level is more of a health concern than at the yield level, and the lack of nutritional supply will lead to increased malnutrition rates. Second, the literature is mostly based on a static perspective to assess the current situation of food security in China, and it is difficult to conduct in-depth analyses of the characteristics of its temporal and spatial changes. Third, more scholars have analyzed the path of the COVID-19 epidemic’s impact on food security, but fewer have quantitatively analyzed the extent of its impact based on mathematical models. Therefore, this paper also incorporates the measure of improved nutrition into the evaluation system, subdividing reaching food security into two sub-stages of agricultural production stage and eradicating hunger and improving nutrition sustainable development stage. It uses the window analysis method, assesses the dynamic evolution perspective, and examines in-depth the extent of COVID-19’s impact on eradicating hunger, reaching food security, and improving nutrition, in order to better examine the global perspective of the efficiency value changes and to more deeply delineate the temporal trends in food security levels.



3 Research methods

In order to better assess efficiency from a dynamic perspective, this paper combines the data envelopment analysis (DEA) model framework with Charnes et al. (1985) window analysis and Shannon (1948) entropy method to construct the Entropy Window Two-stage DDF model. Through the Entropy Window two-stage DDF model, an empirical study is conducted to investigate COVID-19’s impact on the development efficiency of eradicating hunger, achieving food security, and improving nutrition (Stage 2) in 29 provinces of China. In the following, the Entropy method is introduced first, and then the Entropy Window two-stage DDF model is built, which is described as follows.


3.1 The entropy method

The improvement in nutrition is reflected in the following four aspects: (1) the incidence of stunting in children under 5 years of age, (2) the incidence of malnutrition in children under 5 years of age, (3) the incidence of obesity in children under 5 years of age, and (4) the incidence of neonatal visits. If these parallel indexes are put into the DEA model, there will be no solution problem. Therefore, the entropy method of Shannon (1948) was adopted in this model to fit the above four indicators, and a comprehensive indicator of improved nutrition (IN) was obtained. These are shown in Table 1.



TABLE 1 Detailed indicators for stage 2.
[image: Table1]

The Entropy method and steps are as follows.

Step 1: Data standardization. The following detailed indicator variables in the outputs of Stage 2 are calculated by Equation 1: (1) stunting rate of children under 5 years of age, (2) malnutrition rate of children under 5 years of age, (3) obesity rate of children under 5 years of age, and (4) neonatal visit rate for the 29 provinces of China.

[image: image]

Here, [image: image] is the standardized value of the nth indicator for the mth province; [image: image] is the minimum value of the nth indicator for the mth province; and [image: image] is the maximum value of the nth indicator for the mth province.

Step 2: Sum the standardized values for the detailed indicators in Stage-2 output items by Equation 2.

[image: image]

Here, [image: image] denotes the ratio of the standardized value of the nth indicator to the sum of the standardized values for the m provinces.

Step 3: Calculate the entropy value of the nth indicator ([image: image]) by Equation 3.

[image: image]

Step 4: Calculate the weight of the nth indicator ([image: image]) by Equation 4.

[image: image]

Using the above steps, we find out the weights and output values of the detailed indicators in the output items of Stage 2: (1) Prevalence of stunting among children under 5 years of age, (2) malnutrition rate of children under 5 years of age, (3) obesity rate of children under 5 years of age, and (4) neonatal visit rate for the 29 provinces of China. Based on the above entropy method, the Window two-stage DDF model is introduced as Entropy Window two-stage DDF model, which is described as follows.



3.2 Entropy window two-stage DDF model

Suppose there are n DMUs (j = 1, …, n), which contain t time periods (t = 1, 2, …, T). In each of these period there are two distinct stages: the agricultural production stage and the hunger eradication and nutritional sustainability stage. We create T-d + 1 windows to measure the efficiency of each DMU, and each DMU gets d efficiency values in each window. Next, we use the moving average method to obtain the efficiency of DMUs in each period. For DMUi, the d efficiency value is measured in the first window starting from the time period t = 1 (t = 1, 2, …, T). We move to the second time period t = 2 and measure the d efficiency value in the second window, and so on, until we move to the T -d + 1 time period and measure the d efficiency value in the last window. Therefore, for each DMU, the efficiency of total factor production is determined by the tth time period (t = 1, 2 … d) in the mth [m = 1, 2 … (T-d + 1)] window.

In the agricultural production stage there are I inputs [image: image] that produce K good output[image: image] and O bad outputs [image: image]; B inputs [image: image] are used to create V good outputs [image: image]; and [image: image] is the intermediate output, linking the agricultural production stage (Stage 1) and the hunger eradication and nutritional sustainability stage (Stage 2). The agricultural production stage (Stage 1) input variables are agricultural employees, land area, and water, while the output variables are good agricultural output (agricultural GDP) and bad agricultural output (wastewater). The hunger eradication and nutrition improvement stage (Stage 2) input variable is government health expenditure, while the output variables are patients with iodine deficiency disorders, patients with foodborne diseases, and improved nutrition. The link between Stage 1 and Stage 2 is the intermediate output of agricultural output.

Under the frontier, the DMU can choose the final output that is most favorable to its maximum value. Thus, the DMU’s efficiency under the common boundary can be solved by the following linear programming procedure.

Objective function:

The efficiency of DMUp is calculated by Equation 5 to be:

[image: image]

Subject to:

Agricultural production stage (Stage 1) is represented by Equation 6:

[image: image]

[image: image]
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Intermediate output from Stage 1 to Stage 2 is represented by Equation 7:

[image: image]

[image: image]

Eradicating hunger and improving nutrition sustainable development stage (Stage 2) is represented by Equation 8:

[image: image]

[image: image]
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Here, [image: image]are stage 1 and stage 2 weights, respectively. From the above results, the overall efficiency, the period efficiency, the division efficiency, and division period efficiency are obtained.



3.3 Input–output indicators and indicator efficiency calculations

The gap between the actual input–output indicators of each DMU and the ideal input–output indicators under the optimal efficiency value represents its room for efficiency improvement from input and output orientation. This study chooses the ratio of the actual input–output value to the calculated optimal input–output value as the efficiency value of the input–output index. The relationship between the optimal value, the actual value, and the efficiency of the indicator is represented by the following Equations 9–11.

[image: image]

[image: image]

[image: image]

For inputs and bad outputs, if the actual inputs are greater than the optimal inputs, then the efficiency of the input indicator is less than 1 and is called non-efficient. If the actual inputs are equal to the optimal inputs, then the efficiency of the input and bad output indicators is equal to 1 and is called efficient. If the actual outputs are less than the optimal outputs, then the efficiency of the output indicator is less than 1 and is called non-efficient. If the actual outputs are equal to the optimal outputs, then the efficiency of the output indicator is equal to 1 and is called efficient. The indicator system and the framework diagram of this study are below. The data used in the study were obtained from the China Statistical Yearbook, China Health Statistical Yearbook, and China National Meteorological Science Data Center (Table 2 and Figure 1).



TABLE 2 Indicator system.
[image: Table2]

[image: Figure 1]

FIGURE 1
 Framework.





4 Empirical study


4.1 Data description and statistics analysis

This study uses data from a provincial-level sample for 2016–2020. Due to the lack of data for some regions, 29 provinces, municipalities, and autonomous regions are selected for this study (Municipalities and autonomous regions are provincial administrative divisions with the same administrative status as provinces, please note that municipalities such as Beijing are hereafter referred to as provinces). The Seventh Five-Year Plan (The starting and ending period of the “Seventh Five-Year Plan” was 1986–1990. The Five-Year Plan, which started in 1953, is a five-year plan for short- and medium-term planning of the country, mainly for major construction projects, distribution of productive forces and important proportionality of the national economy, and setting goals for the development of the national economy), adopted at the Fourth Session of the Sixth National People’s Congress, divided the 30 provinces into east, central, and west regions. The per capita GDP of the Inner Mongolia Autonomous Region and the Guangxi Autonomous Region is comparable to that of the 10 western provinces. This means that Guangxi and Inner Mongolia belong to the west region. The regional divisions are shown in the table (Table 3).



TABLE 3 China’s regional divisions.
[image: Table3]

This study uses data on 10 input and output indicators from 2016 to 2017 for 29 provinces in China, which are available from the National Bureau of Statistics website and the China Environmental Statistics Yearbook. We calculate the mean, standard deviation, and minimum and maximum values, and the results are kept to two decimal places (Table 4).



TABLE 4 Data Description.
[image: Table4]



4.2 Window data analysis

Referring to Chung et al. (2008), this paper analyzes a series of indicators for each DMU, which include ME, CR, CR_O, and TR. Among them, ME (mean efficiency) reflects the average efficiency of a region over the whole study period, and a higher value indicates higher efficiency. CR (column range) reflects the difference in efficiency of each year between the two windows in which it is located. CR_O (overall column range) is the maximum CR value from 2016 to 2020, which indicates the maximum change in efficiency between windows for different years and reflects the stability of efficiency. TR (total range) refers to the difference between the highest and lowest efficiencies of all windows for the entire study period (Table 5).



TABLE 5 Overall system efficiency in Beijing from 2016 to 2020 and each indicator.
[image: Table5]

Taking Beijing as an example to show the calculation process of each indicator, as shown in the table, each 2 years are divided into a window: 2016 to 2017 (W1), 2017 to 2018 (W2), 2018 to 2019 (W3), and 2019 to 2020 (W4). The table reflects the efficiency value corresponding to each year in its window, as well as the ME, CR, CR_O, and TR indicators.


4.2.1 Overall analysis


4.2.1.1 Overall system efficiency analysis

The total efficiency is a comprehensive reflection of the efficiency of the two stages, reflecting the overall efficiency of the entire system from agricultural production inputs to the ultimate goal of eliminating hunger and improving nutrition. It measures whether resources are used effectively throughout the entire chain. In terms of efficiency level, as shown in Table 6, ME in the east region is 0.7347, ME in the central region is 0.5423, and ME in the west region is 0.6842, showing the east region is the best and the central regions is the worst. This may be due to the fact that the eastern region has a developed economy and a high degree of agricultural industrialization. At the same time, the eastern region is close to the consumer market, so there is less waste of resources from agricultural production to the ultimate goal of achieving food security and nutrition improvement, and the connection and transformation of each link are smoother.



TABLE 6 Overall system efficiency analysis.
[image: Table6]

Both CR_O and TR can reflect the stability of efficiency. CR_O in the east region is 0.1065, CR_O in the central region is 0.0586, and CR_O in the west region is 0.1596. The stability of efficiency in the central region is better than that in the east region and better than that in the west region. TR works similarly to CR_O, with smaller TR indicating better stability. However, since CR_O first compares different windows of the same year and then compares different years, the difference is relatively small; TR is used to compare all windows of all years, resulting in larger differences. TR for the east region is 0.1766, TR for the central region is 0.1855, and TR for the west region is 0.2691. Combining years and windows to assess stability, the east region is better than the central region and better than the west region. This means that there are differences and fluctuations in efficiency trends among different regions, and the reasons behind this need to be explored from two aspects: the agricultural production stage and the nutrition improvement stage.



4.2.1.2 Analysis of the agricultural production stages

As shown in Table 7, in the agricultural production stage, ME in the east region is 0.9385, ME in the central region is 0.6015, and ME in the west region is 0.7101, with the east region being higher than the west region, and the central region being the worst. This may be due to the fact that the eastern region itself has a developed economy and has continued to invest in agricultural technology innovation and upgrading during this period, such as further improvement in agricultural mechanization and informatization. At the same time, the region has a complete agricultural industrial chain, which can quickly adapt to market changes and obtain higher production benefits. The average efficiency of the agricultural production stage in the western region is between the central and eastern regions, thanks to the support of national policies. Vigorously developing characteristic agriculture has played the comparative advantages of the western region and improved the efficiency of the agricultural production stage in the western region to a certain extent. However, the problems of poor natural environment, fragile ecological environment and relatively weak agricultural infrastructure in the western region have not been completely solved during this period, resulting in limited efficiency improvement. The average efficiency of the agricultural production stage in the central region is relatively low, which shows that the low efficiency of the agricultural production stage is one of the important reasons for its low overall efficiency. The possible reason is that during the inspection period, the growth of agricultural input in the central region was relatively slow, and some labor force flowed out, resulting in insufficient motivation for agricultural development.



TABLE 7 Efficiency of agricultural production stages.
[image: Table7]

In terms of stability, CR_O of the east region is 0.0717, CR_O of the central region is 0.0605, and CR_O of the west region is 0.1155; the TR value of the eastern region is 0.1327, the TR value of the central region is 0.1427, and the TR value of the western region is 0.1873. In general, the stability of the western region is weaker than that of the eastern and central regions. The reason is that although the eastern region is affected by market changes, it has a solid technical and management foundation and is stable. The agricultural production model in the central region is relatively traditional and mature, so its agricultural production efficiency shows a certain stability.

Therefore, improving the efficiency of the agricultural production stage is the key. Because high-efficiency agricultural production can increase agricultural product output, ensure supply, resist interference from external factors such as nature and the market, and improve the stability of agricultural production efficiency.



4.2.1.3 Analysis of the eradicating hunger and improving nutrition sustainable development stage

As shown in Table 8, in the eradicating hunger and improving nutrition sustainable development stage, ME in the east region is 0.6772, ME in the central region is 0.6111, and ME in the west region is 0.748. Thus, the west region is better than the east region, which is better than the central region. Obviously, the overall efficiency of the western region from the agricultural production stage to the sustainable stage of eliminating hunger and improving nutrition is excellent. Therefore, the key to improving the overall efficiency of the western region lies in improving the efficiency of agricultural production in the first stage and its stability. Only a few provinces in the central region have a high level of sustainable efficiency, and most provinces have great room for improvement. The eastern region can focus on how to optimize the efficiency of the stage of eliminating hunger and improving nutrition.



TABLE 8 Analysis of the eradicating hunger and improving nutrition sustainable development stage.
[image: Table8]

In terms of stability, the CR_O in the eastern region is 0.0603, the CR_O in the central region is 0.0733, and the CR_O in the western region is 0.1928; the TR value in the eastern region is 0.2201, the central region is 0.2939, and the western region is 0.3133. It can be seen that the stability of the eastern region is better than that of the central region and better than that of the western region.




4.2.2 Comparison of the efficiency of different windows


4.2.2.1 Overall system efficiency analysis

W1 corresponds to the 2016–2017 window, W2 to the 2017–2018 window, W3 to the 2018–2019 window, and W4 to the 2019–2020 window. As can be seen in Figure 2, in W1-W4 the east region has the highest overall system efficiency, ranging from 0.70 to 0.76, the west region has the second highest, ranging from 0.67 to 0.70, and the central region has the lowest, ranging from 0.51 to 0.59.

[image: Figure 2]

FIGURE 2
 Overall efficiency (W1–W4).


This reveals that the central region lags behind the eastern and western regions in all windows. However, both the eastern and central regions show a significant decline in total efficiency in W4 (2019–2020), while the western region stabilizes, so it is necessary to further analyze the impact of the new crown outbreaks of major public health emergencies on total efficiency in 2019–2020 to understand the causes behind.



4.2.2.2 Efficiency analysis of agricultural production stages

As shown in Figure 3, in the agricultural production stage the efficiency values of China’s east, central, and west regions vary greatly during the four windows. The efficiency value of the east region in the agricultural production stage is much higher than that of the central region and the west region, maintaining the same trend as total efficiency. The east region has better economic conditions and therefore pays more attention to the introduction of advanced agricultural production technology. During the period W1–W4, efficiency values at the stage of agricultural production fluctuated in the range of 0.92–0.95 in the eastern region, 0.69–0.76 in the western region, and 0.58–0.64 in the central region.

[image: Figure 3]

FIGURE 3
 Efficiency of agricultural production stages (W1–W4).


Further observation reveals that the Central Region shows a significant increase from window W3 to W4 compared to the Eastern and Western Regions. Especially in the case of an epidemic, the agricultural productivity of the Central region is still able to maintain its growth. It can be seen that the experiences and practices of the central region with regard to the stage of agricultural production have important lessons for responding to the issue of food security in the context of the impact of major public health emergencies.



4.2.2.3 Efficiency analysis of the eradicating hunger and improving nutrition sustainable development stage

As shown in Figure 4, in the stage of the eradicating hunger and improving nutrition sustainable development from W1 to W4, the efficiency values of China’s east, central, and west regions in this stage are relatively close to each other. All fluctuate within the interval of 0.64–0.75, with the central and west regions showing a trend of decreasing, then increasing, and decreasing again, and the east region showing a trend of increasing and then decreasing. The west region, except for its efficiency value of W2 that drops steeply to the lowest value of 0.67, has efficiency values in W1, W3, and W4 that are significantly higher than those in the east and central regions. In addition, during the period from W3 to W4, which was during the COVID-19, the efficiency values of both the eastern and central regions showed a decreasing trend, while the efficiency of the western region remained unchanged. The possible reasons for this are that the population density in the west is relatively low, and the impact on the food supply system caused by the stoppage of work and production as a result of the epidemic prevention and control measures is relatively small, and on the other hand, the western region is more self-sufficient, with a relatively independent production and consumption system. In contrast, the eastern and central regions are characterized by high population mobility, and the supply chain is blocked under the epidemic, resulting in lower efficiency in the sustainable phase of hunger eradication and nutrition improvement. It can be seen that during the period from W3 to W4, the efficiency of the eradicating hunger and improving nutrition sustainable development stage in each region was affected by the impact of the new crown epidemic to different degrees.

[image: Figure 4]

FIGURE 4
 Efficiency of the eradicating hunger and improving nutrition sustainable development stage (W1–W4).






4.3 Efficiency analysis for the COVID-19 period

In order to study the impact of COVID-19 on eradicating hunger, reaching food security, and improving nutrition, this section focuses on the efficiency of window W4 (2019 to 2020), the period of the epidemic. It uses indicator WE to measure the efficiency of the window for W4 and indicator EV to measure the growth rate of efficiency during the window.


4.3.1 Overall system efficiency analysis for the period COVID-19

As shown in Table 9, during the period of COVID-19, in terms of overall system efficiency WE, the east region (0.6972) is better than the west region (0.6685), which is better than the central (0.5139). Among the 29 provinces, six provinces have total efficiency values >0.8, of which 4 are located in the east region, and 2 are located in the west region. Shanghai (0.9549), Shandong (0.8942), and Hainan (0.8879) are the three provinces with the highest efficiency value, all of which are in the east region. The three provinces with the lowest efficiency values are Guangdong (0.4230), Shanxi (0.4242), and Hebei (0.4363). Guangdong and Hebei are located in the east region, and Shanxi is located in the central region. Thus, it can be seen that the overall system efficiency in east China varies considerably across provinces.



TABLE 9 Overall system efficiency during COVID-19.
[image: Table9]

During the period of COVID-19, EV in the east region is −8.94%, EV in the central region is −5.09%, and EV in the west region is −14.78%. During the 2 years of COVID-19, the overall system efficiency values of the east, central, and west regions show a decreasing trend, in which the west region has the largest decreasing trend, followed by the east region, and then the central region. Only 8 provinces present an increase in overall efficiency, of which 2 provinces are in the east region, 3 in the central region, and 3 in the west region. The three provinces with the largest increases are Jiangxi (68.55%), Guizhou (30.99%), and Hunan (10.87%), and the three provinces with the largest decreases are Heilongjiang (−40.36%), Chongqing (−37.39%) and Shaanxi (−32.61%).



4.3.2 Analysis of the efficiency of agricultural production stages during COVID-19

As can be seen from Table 10, in terms of the efficiency value WE in the agricultural production stage during the COVID-19 period, the east region (0.9197) is higher than the west region (0.6874), which is slightly higher than the central region (0.6413). Among the 29 provinces, 14 provinces’ WE is higher than 0.8, and only 1 province (Ningxia) has it lower than 0.3. Eight provinces have WE equal to 1, of which 7 provinces are in the east region and 1 province in the west region. During the COVID-19 period, the east region still maintains a high level of efficiency of agricultural production stages and is much better than the central and west regions.



TABLE 10 Efficiency of agricultural production stages during COVID-19.
[image: Table10]

In terms of EV during the COVID-19 period in the agricultural production stage, it is 3.68% in the east region, 11.17% in the central region, and 2.60% in the west region. The largest increase in the value of efficiency is in the central region, the second largest in the east region, and the smallest in the west region. As a result, the central region is an important food production base in China, and the increase in its agricultural productivity remained outstanding during the Xinguan epidemic, playing a crucial role in guaranteeing China’s food security.



4.3.3 Analysis of the efficiency of the hunger eradication and nutritional sustainability phase during COVID-19

As can be seen from Table 11, in the stage of eradicating hunger and improving nutrition sustainable development during COVID-19, WE is higher in the west region (0.7397) than in the east region (0.6444), which is higher than the central region (0.5432). Among the 29 provinces, nine have an efficiency value higher than 0.8, and only one (Guangdong) has an efficiency value lower than 0.3. The 3 provinces with the highest WE are Tianjin (1.0000), Yunnan (0.9997), and Ningxia (0.9443), and the 3 provinces with the lowest WE are Guangdong (0.2306), Jiangxi (0.3323), and Zhejiang (0.3399).



TABLE 11 Efficiency of the eradicating hunger and improving nutrition sustainable development stage during COVID-19.
[image: Table11]

In the stage of eradicating hunger and improving nutrition sustainable development during COVID-19, the EV value of the east region is −15.53%, the EV value of the central region is −16.76%, and the EV value of the west region is −18.94%. The efficiency values of the east, central, and west regions of China show a downward trend, with the west region showing the greatest decline, the central region in second, and then the east region. It can be seen that in the stage of eradicating hunger and improving nutrition sustainable development, the eastern, central and western parts of the country were strongly affected by the epidemic. During this phase, all three regions experienced a considerable drop in efficiency, with the central and western regions being particularly affected.

From the previous section, it can be seen that the eastern region is in the leading position in terms of efficiency in the agricultural production stage, but its efficiency performance in the eradicating hunger and improving nutrition sustainable development stage during the COVID-19 period is poor, which indicates that the eastern region has not been able to successfully transform the efficiency advantage in the agricultural production stage into the actual effectiveness in the eradicating hunger and improving nutrition sustainable development stage. This shows that the major public health emergency of COVID-19 had a huge impact in the eradicating hunger and improving nutrition sustainable development stage.

Having explored the impact of the new crown epidemic on the efficiency of the stage of eradicating hunger and improving nutrition sustainable development in various regions, we have further reflected on the key factors that will guarantee the realization of this goal in the context of the epidemic. Indeed, agriculture in China is characterized to some extent by an energy-intensive industry, which has a crucial impact on hunger eradication and nutrition in the current context. As we know, agricultural machinery requires energy to run, and fertilizer and pesticide production and transportation also consume large amounts of energy. In the context of the epidemic, energy management has become a key element in influencing the food supply and the eradicating hunger and improving nutrition sustainable development stage.

On the one hand, effective energy management ensures the stable operation of agricultural production, which in turn guarantees the stability of the food supply and provides the material basis for the phase of improving nutrition in the fight against hunger. On the other hand, effective energy management also affects the sustainability of hunger eradication and improved nutrition. The rational use of energy in food processing, storage and transportation can reduce costs and increase efficiency, so that nutritious food can be more widely distributed to areas and populations in need, thus contributing to distribution and sustainable development, which is of great significance for regions that are striving to maintain the efficiency of the sustainable phase of hunger eradication and improved nutrition in the face of the impact of epidemics.





5 Conclusions and policy implications


5.1 Conclusion

First of all, the total efficiency measured in this paper fully demonstrates the comprehensive results of the whole system from the initial inputs of agricultural production to the final realization of the goal of hunger eradication and nutrition improvement, which measures the effective utilization of resources in the whole chain process. From 2016 to 2020, in terms of the total efficiency level, the average efficiency value is the highest in the eastern region, the second in the western region, and the lowest in the central region; the stage of agricultural production also shows the highest average efficiency value in the east, the second highest in the west, and the lowest in the center; in the stage of eradicating hunger and improving nutritional sustainability, the western region has the highest average efficiency value, the second highest in the east, and the lowest in the center. The higher total efficiency in the eastern region is attributed to the combination of its developed economy, high degree of industrialization of agriculture, and proximity to the consumer market; however, the central region, as a concentration of China’s large agricultural provinces, has a low total efficiency. In view of this, it is necessary to focus on the problems in the central region.

Second, using the window analysis, combining the agricultural production stage, the eradicating hunger and improving nutritional sustainability stage, and the system as a whole, the total efficiency values of the eastern and western regions, the efficiency values of the eastern and western regions in the agricultural production stage, and the efficiency values of the three regions in the eradicating hunger and improving nutritional sustainability stage showed a significant decrease in the W3 - W4 period. However, the Central Region shows a certain increase in the W3 - W4 period. Although the central region is still in a state of low efficiency, this increase in the face of shocks during the epidemic implies that the central region has some resilience or adaptive mechanisms under certain conditions.

Finally, to further explore the impact of major emergencies on eradicating hunger, achieving food security and improving nutrition, specific analyses were conducted for the COVID-19 period. During the COVID-19 period, in terms of the overall efficiency level, the Eastern region had the highest average efficiency value, followed by the Western region, and the Central region had the lowest. At the same time, the overall efficiency values of all three regions showed a decreasing trend, with the lowest decrease in the central region, which indicates that the central region was the least affected by the epidemic, and this is mainly due to the fact that the central region still maintained the highest increase in the agricultural production stage during the COVID-19 period. However, in the eradicating hunger and improving nutritional sustainability stage, the efficiency values of all regions show a decreasing trend, and the efficiency value of the central region is the lowest, which shows that the central region has the problems of insufficient capacity to deal with public health emergencies, poor connection between agricultural production and nutrition improvement, and insufficient rationalization of resource allocation and utilization in this stage, and also reflects that the central region still has a problem of enhancing the efficiency of the eradicating hunger and improving nutritional sustainability stage, which indicates that the central region is still the least affected by the epidemic. At the same time, it also reflects that the central region still has a great deal of room for improvement in enhancing the efficiency of the permanent phase of hunger eradication and nutritional improvement, and that efforts in the areas of policy support, technological innovation, and industrial synergy need to be further strengthened in order to enhance the central region’s ability to achieve the goals of hunger eradication and nutritional improvement in the face of major emergencies.



5.2 Implications for theory and practice


5.2.1 Establishing a sound natural disaster prevention and control mechanism to effectively respond to natural disasters in agriculture

In order to prevent natural disasters as best as possible and reduce the negative impact of natural disasters on agricultural production, the relevant government departments should establish a sound natural disaster prevention and control mechanism. First, investments in the configuration of facilities to cope with natural disasters in agriculture should be increased, and routine maintenance should be carried out on a daily basis to ensure that they function properly in the event of a natural disaster. Second, it is necessary to strengthen the reserves of natural disaster emergency supplies and improve the natural disaster risk management mechanism. Finally, disaster prevention awareness and capacity of agricultural operators need to be enhanced.



5.2.2 Accelerating agricultural technological innovation and modernizing agricultural production

In order to improve the level of agricultural production, it is necessary to continuously accelerate agricultural technological innovation and strengthen the construction of modernized agricultural production. Research institutes, colleges and universities, and new business entities should actively engage in agricultural science and technology research. At the same time, the sharing of agricultural scientific and technological resources among regions should be promoted in order to facilitate agricultural technological innovation to better support the development of agricultural production. In addition, the strength and intensity of support for the cultivation of the agricultural technology industry should be increased, and the latest scientific research results and invention patents should be invested in actual agricultural production, so as to realize the transformation and application of agricultural technology more quickly. Attention should be paid to the development of smart agriculture by combining modern science and technology with agricultural cultivation in order to achieve unmanned, automated, and intelligent management.



5.2.3 Establishment of special support funds to promote the resumption of work and production, and enhancement of the effectiveness of emergency prevention and control strategies to increase production efficiency

Wuhan City introduced the new agricultural business entities “relief eleven,” for example, in the financial, fiscal and tax, insurance, land, project construction and other eleven levels, the implementation of a series of specific and quantifiable initiatives, aimed at new agricultural business entities to support, to help reduce the negative impact of the epidemic, to accelerate the resumption of work of the agricultural enterprise The aim is to support new agricultural enterprises, help them reduce the negative impact of the epidemic and speed up the pace of agricultural enterprises resuming work and production. The main support targets cover four types of subjects: family farms, farmers’ cooperatives, leading agricultural enterprises and large farming households, and the core support dimensions include financial support, fiscal support, factor support and service guarantee, etc., so as to effectively solve the difficulties faced by new agricultural management subjects. For developing countries, they can learn from this practice and clarify the precise allocation criteria and scientific use process of the special support funds to ensure that the funds flow accurately and precisely to the most urgently needed business entities and key projects. At the same time, an effective supervision and scientific evaluation mechanism for the use of funds should be established to ensure the transparency and effectiveness of the use of funds, so that each fund can maximize its effectiveness, promote the successful resumption of work and production by agricultural business entities, and promote the sound development of the agricultural industry, thus providing strong support for the recovery and sustainable development of the agricultural economy of developing countries in the face of major emergencies.



5.2.4 Building green food policy frameworks for sustainable development trends

Emerging trends toward decarbonization, circularity and sustainability had a positive impact on food supply by promoting environmentally friendly agricultural practices, efficient resource use and long-term ecological balance. These trends help to ensure food security while protecting and improving agro-ecosystems and supporting the achievement of the United Nations sustainable development goals. A green food policy framework should be developed in response to the impact of emerging decarbonization, circularity and sustainability trends on food supply. In response to the decarbonization trend, subsidy incentives should be established, such as subsidies for farmers using decarbonized fertilizers and pesticides, tax incentives for relevant enterprises, and the development and regulation of production standards; in response to the recycling trend, infrastructure investment should be increased, such as the construction of facilities for the treatment of agricultural wastes and systems for recycling water resources; and in response to the sustainability trend, policies on the management of land and water resources should be formulated, and agroecological compensation mechanisms should be established to protect ecosystems and enhance agro-genetic diversity. In response to sustainability trends, land and water management policies need to be developed, agro-ecological compensation mechanisms need to be established to protect ecosystems, and agro-genetic diversity conservation needs to be strengthened in order to ensure that the food supply develops on an environmentally friendly, resource-efficient and long-term sustainable track.



5.2.5 Improve the supply chain system of agricultural products to ensure the effective connection between agriculture and nutrition

Strengthening supply chain infrastructure. Invest in the construction of modernized storage facilities for agricultural products, equipped with advanced cold storage, freshness preservation, ventilation and other equipment, to ensure the quality and nutritional stability of agricultural products in the storage process. For example, building large-scale intelligent grain warehouses in major grain-producing areas, applying automatic temperature and humidity regulation, pest monitoring and other technologies to ensure grain storage safety; establishing an emergency supply chain management mechanism, formulating an emergency response plan for the supply chain of agricultural products in the event of major emergencies, and clarifying the responsibilities and tasks of various departments and links. This includes how to safeguard the production, acquisition, transportation and distribution of agricultural products in an orderly manner during emergencies such as epidemics and natural disasters. For example, it provides for the opening of “green channels” for the transportation of agricultural products during the sealing and control of epidemics, so as to ensure the smooth flow of agricultural materials and agricultural products.
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