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China is the largest manufacturing country globally and currently faces severe environmental problems. China needs to identify a new mode of economic growth to contribute towards environmental protection. Developing the green industry is China’s national strategy to achieve a sustainable path and prevent further degradation of the environment. This study used China’s green food certification enterprise location data to investigate the green food industry’s spatial patterns in 2018 at the agricultural district, provincial, and city levels. Then, using the geographically weighted regression (GWR) method, we evaluated the factors impacting the green food industry’s concentration. Fourteen impact factors were selected from three aspects: socioeconomic, natural, and other factors corresponding to the regional food production potential. Our results showed the following: 1) the structure and species of green food enterprises are simple, and most enterprises are plant products upstream of the industrial chain, with low additional value. There is a large potential to increase the ratio of livestock, poultry, and fishery products; 2) the regional development of the green food industry is not uniform. The green food industry tends to concentrate along the eastern coastline and Yangtze River, and the middle-lower Yangtze Plain, Huang-Huai-Hai Plain, and North East Plain account for 76% of the total production capacity. However, northern China has the highest production ability among single enterprises; 3) regional economies, natural resource conditions, and environmental quality largely impact the concentration of the green food industry. In particular, the green food industry is concentrated in regions with high gross economic levels, highly advantageous natural conditions, and high proportion of cultivated land, except cereal planting areas. Better air quality has a positive influence on the food industry’s concentration.
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INTRODUCTION
Developing a green industry can help mitigate energy and global climate change by improving resource efficiency (Park and Lee, 2017). Currently, the green industry is considered a new impetus for global economic restructuring and environmental governance (Jacobs, 1993; Adams, 2009; Zhai and An, 2020). With rapid economic development, severe resource and environmental problems have arisen in China. To establish sustainable growth and protect the environment from further deterioration, developing a green industry has become a national strategy (Pan et al., 2011; Yi and Liu, 2015). As a result, the green industry has developed rapidly. Chen et al. (2017) assessed the contributions of the green industry to national development from 2008 to 2012, and found that the share of the value added by the green industry with respect to the gross domestic product (GDP) ranged from 41 to 48%.The definition of green industry varies across countries (Furchtgott-Roth, 2012). In this study, we adopted the definition provided by the “International Green Industry Union,” i.e., green industry is an industry that introduces green production mechanisms, uses clean production technology, reduces raw material and energy consumption, and removes environmental contaminants in production processes.
As an important part of the green industry, the green food industry has grown rapidly in several countries (Misra and Singh, 2016; Willer et al., 2021). Green food is defined as food that is sourced from high-quality environments and produced using specific techniques with strict production quality process control, rendering these products safe for human consumption (Hassan et al., 2020). Existing studies have focused on the economic development aspect of the green food industry (Arthur and Yamoah, 2019; Cardamone, 2020). Cardamone (2020) examined the existence of productivity spillovers across firms in the Italian food manufacturing industry. Arthur and Yamoah (2019) analyzed environmental quality attributes in food-related rural enterprises competitiveness and found that increasingly more products are offering labels, such as “quality,”“green,”“ethical,” and/or “sustainability” to justify the high premiums on their products.
The factors impacting the green food industry are increasingly being studied by numerous researchers, who are particularly interested in how consumer behavior impacts the development of the green food industry. They found that cognition, price, family population structure, income, health consciousness, knowledge, education level, consumer preference, and organic labels are the most important factors affecting consumer behavior (Zepeda and Nie, 2012; Zhu et al., 2013; Nuttavuthisit and Thogersen, 2017; Singh and Verma, 2017; Wang X. et al., 2019; Liang and Lim, 2020). Other researchers have focused on the external influences of the macro environment. These authors identified that the development level of organic food markets, technology, degree of government participation, policy support, and neighborhood effects are positively correlated with the level of development of the green food industry (Bjorkhaug and Blekesaune, 2013; Larsson et al., 2013; Huang et al., 2017). (Ilbery et al., 2016) found that differences in demand are a key factor affecting the green food industry in different areas. However, few studies have focused on the regional heterogeneity in the green food industry. As regional heterogeneity is an important factor driving the equilibrium between supply and demand in large regional markets, it is necessary to conduct this research in a relatively integrated market, such as a country.
Geographical analysis can be used in regional heterogeneity and impact factor studies (Wang J. et al., 2019). In green industry-related studies, impact factor studies always follow three dimensions: economic, environmental, and social (Yi, 2013; Yi and Liu, 2015; Park and Lee, 2017; Zhai and An, 2020). However, in the green food industry, location selection could be strongly related to natural factors and some special factors, but only a few studies have investigated such associations (Lorentz, 2008; Hassan et al., 2020).
The green food industry has rapidly grown in China. Green food was originally proposed by the Ministry of Agriculture at the beginning of the 1990s. The cultivation area of green food production expanded from 0.82 million ha in the 1990s to 11.1 million ha in 2019, accounting for 8.20% of the total farmland area in China (Xu et al., 2020). As a large consumer market and one of the most important food-producing countries, China can serve as a typical example of regional heterogeneity in the green food industry. Zhu (2017) used provincial-level panel data to study the regional heterogeneity and impact factors of China’s green food. However, the provincial-level panel data are relatively coarse, and thus do not reflect this heterogeneity, though there are large differences within provinces. Zhu’s study did not consider the green food industry’s spatial autocorrelation, and the selection of impact indicators excluded natural factors.
In this study, we first used the location data of green certified food enterprises to investigate the spatial patterns of China’s green food industry. We then analyzed the factors impacting the green food industry’s concentration. In impact factor analyses, related studies tend to use the number of regional enterprises as the dependent variable, which ignores the scale and productivity of the enterprises. Therefore, in this study, the regional enterprises production concentration index was chosen as the dependent variable, and 14 factors were chosen as independent variables. This study examined the following questions: 1) what is the status of the structure and distribution features of China’s green food industry? 2) what are the concentration features of the green food industry considering production capacity? and 3) what is the mechanism that impacts the green food industry’s production concentration?
DATA RESOURCES AND METHODS
Data Resources
Green food enterprises are certified by the Green Food Development Center of China, according to the law “Green food brands management stipulation.” These enterprises can be classified into the following four sectors: plant products, processes, livestock and poultry products, and fishery products. We searched all green food records from China’s national enterprise credit information publicity system (http://www.gsxt.gov.cn/index.html) from 2016 to 2018, and obtained 11,674 enterprise records. Then, we built a database of green certified food enterprises in China. Each enterprise record had 26 attributes, including name, category, geographical coordinates, and approved production capacity.
This study covered 31 provinces in mainland China, excluding Hong Kong, Macao, and Taiwan. To better understand the spatial patterns of the green food industry, we used the Chinese mainland agricultural regional division method and classified the study area into nine geographical zones (Liu, 1993, Figure 1): the middle-lower Yangtze Plain (MLYP), northern arid and semiarid region (NASR), Huang-Huai-Hai Plain (HHHP), Sichuan Basin and surrounding regions (SBSR), Northeast China Plain (NECP), Loess Plateau (LP), southern China (SC), Yunnan-Guizhou Plateau (YGP), and Qinghai Tibet Plateau (QTP).
[image: Figure 1]FIGURE 1 | Spatial distribution of China’s certified green food enterprises in nine geographical zones.
Methods
Spatial Analysis
This study used spatial analysis methods to address research questions concerning the spatial patterns of the green food industry. The geographic information system (GIS) was used to conduct spatial pattern analysis to identify and compare the agglomeration patterns of green food industries. In particular, a hotspot analysis was used to identify spatial clusters of green food industries at the prefecture city level. The [image: image] index is commonly used in hotspot analyses and can be standardized to [image: image] (Getis and Ord 1992; Hu et al., 2019). When [image: image], the value of a unit is higher than that of a neighboring unit, and[image: image]indicates the opposite. When [image: image], the area is a high-value area, that is, a hotspot (Sun et al., 2019). When [image: image], the area is a low-value area, namely, a cold-spot.
Production Concentration Analysis
In this study, production concentration was defined as the production capacity of regional enterprises. Each enterprise has an approved production capacity, which is the maximum production of each enterprise. We used this value to calculate the total regional production capacity. Considering the differences in the production capacities of different green food industry sectors, we normalized the approved production of each enterprise to a value between 0–1 using the min-max normalization method. Then, we used the sum of the normalized value within each region as the regional green food industry’s production concentration index (PCI). The PCI emphasizes regional production capacity but ignores the enterprises distribution. Therefore, we introduced the production and enterprise amount index (PEAI) to reflect both production capacity and enterprise distribution. PEAI can be expressed as:
[image: image]
Where [image: image] represents the number of enterprises in region i, and [image: image] is the production concentration index of region i. A higher PEAI implies a higher average production capacity among all enterprises in a specific region.
Spatial Regression Analysis
To assess the factors impacting enterprises location selection or industry concentration, a few previous studies used the ordinary least squares (OLS) regression method, although this method ignores the spatial attributes of the data (Yi and Liu, 2015; Cheng, 2016; Park and Lee, 2017; Feng and Wang, 2019). If the data are spatially auto correlated, geographically weighted regression(GWR) needs to be used to include spatial influence (Cheng, 2016). This study used a GWR to detect the relationship between the dependent and explanatory variables. GWR is an extension of the traditional regression. Fotheringham et al. (1998) introduced the spatial information of basic data to the traditional OLS regression equation and considered the spatial weights of the adjacent data (Brunsdon et al., 1998). The GWR method can be represented as:
[image: image]
Where [image: image] is the predicted independence at site i, [image: image] are the coordinates for site i, k is the number of environmental variables, [image: image] is the regression coefficient, and [image: image] is the environmental variable at the site. In matrix form, the parameters of the GWR model at each site were estimated as:
[image: image]
Where [image: image] is an (m × m) spatial weighting diagonal matrix, X is an [m × (n + 1)] independent data matrix, n is the number of explanatory variables, and Y represents (m × 1) dependent variables.
The weight method was determined using the weight function. The weight of each point can be calculated using a Gaussian function, as shown below.
[image: image]
Where [image: image] is the Euclidean distance between site i and sampling site j, and r is the bandwidth parameter. The widely used Akaike information criterion with correction (AIC) was used to determine the bandwidth (Hurvich et al., 1998; Wang and Yuan, 2020).
Dependent Variable
In the regression model, we set the sum of prefecture city-level PCI values as the dependent variable. PCI can reflect the production capacity and scale of enterprises. It is reasonable to use PCI to show the spatial concentration patterns of the green food industry.
Independent Variables
We chose the following three types of independent variables: socioeconomic factors, natural factors, and other factors corresponding to the potential of regional food production (Table 1). Regarding socioeconomic factors, we considered the independent variables previously used (Yi and Liu, 2015; Park and Lee, 2017). We hypothesized that a range of regional socioeconomic factors could potentially influence the spatial patterns of the green food industry. We selected per capita GDP, regional GDP, economic value of regional agricultural production, regional population, and percentage of construction land as socioeconomic factors. The data for these variables were collected from the China City Statistical Yearbook, and the statistical units were prefecture-level cities.
TABLE 1 | Descriptive statistics.
[image: Table 1]Ellison and Glaeser (1997) found that natural advantages can explain approximately 20% of manufacturing industry agglomerations. In addition, the food industry’s raw materials are agricultural products that depend on natural conditions. Therefore, we hypothesized that natural factors have a strong influence on the green food industry’s production concentration. The degree of relief of a land surface can reflect the regional topographic conditions for agricultural production and impact transportation costs. Based on the agricultural production model called the “Global Agro-ecological Zones” (FAO/IIASA, 2012), regional precipitation, accumulated temperature, and humidity index are the most important natural factors affecting agricultural production. Finally, we expected that the production ability of an ecosystem can have a positive impact on the agricultural production potential. Therefore, we selected net primary productivity (NPP) of vegetation as another important index. All natural factor data were collected from the Resource and Environmental Data Cloud Platform (http://www.resdc.cn/) and calculated using GIS software.
Land is an important element of agricultural production (Lorentz, 2008). Therefore, we expected that the area of cultivated land and its production potential would influence regional agricultural production. We used the regional percentage of cultivated land and the cereal production potential index (CPPI, Liu et al., 2015) to reflect the regional cultivated land area and its cereal production potential, respectively. These data were collected from the Resource and Environmental Data Cloud Platform, and the CPPI was calculated using the GAEZ model. Finally, according to the definition of the green industry, we expected that the green food industry would be concentrated in areas with high-quality environments. Therefore, we used the regional average air quality ratio for recent years to reflect the environmental conditions. These data were collected from the China City Statistical Yearbook.
RESULTS
Spatial Pattern of the Green Food Industry
Spatial Distribution Features
There were 11,674 certificated green food enterprises in China in 2018. Among these, the MLYP accounted for the largest proportion, accounting for 40.36% of the total. Within this area, Jiangsu, Anhui, and Zhejiang had the highest proportion of the enterprises. The second and third largest areas were the HHHP and NECP, which accounted for 19.47 and 14.73%, respectively. Within these two areas, Shandong and Heilongjiang had the most number of green food certified enterprises. Of all the enterprises across sectors, 81.94% were plant product enterprises and 12.85% were process enterprises. Only 3.13 and 2.08% of the enterprises were livestock and poultry product and fishery product enterprises, respectively.
Spatial Clustering
Based on the hotspot analysis of the entire green food industry, we found that the green food industry hotspots are mostly distributed in eastern China, particularly in the MLYP, HHHP, and NECP (Figure 2). These three areas have 866 hotspots, accounting for 59.52% of all the hotspots. The hotspots are largely distributed in the Sichuan Basin and its surrounding regions and the northern arid and semiarid regions. Shandong, Yunnan, Liaoning, Anhui, Jiangsu, Zhejiang, and Heilongjiang are the most important provinces in terms of hotspots. The results of the hotspot analysis were consistent with those of the spatial autocorrelation analysis.
[image: Figure 2]FIGURE 2 | Spatial aggregation of the overall green food industry.
From a spectral perspective, the hotspot distribution of plant product enterprises is similar to that of the overall industry (Figure 3). Plant product enterprises are mostly concentrated in eastern China. However, with regard to process enterprises, the hotspots were distributed uniformly among agricultural districts, except for the Qinghai Tibet Plateau. We also found some process enterprises in cold-spots in southern China, distributed in Guangdong and Guangxi provinces. A majority of the hotspots of livestock and poultry product enterprises are distributed north of the Yangtze River, particularly in HHHP and NECP. However, there are some cold-spots at the junction of southern China and MLYP, mostly in the Zhejiang and Fujian provinces. The clustering of the fishery product enterprises was not uniform and occurred mostly in parts of China that were not significant in the hotspot analysis. Only some smal parts had these hotspots, mainly located in MLYP, junction of the northern arid and semiarid regions, and QTP.
[image: Figure 3]FIGURE 3 | Spatial aggregation of the four sectors: (A) plant product enterprises, (B) process enterprises, (C) livestock and poultry product enterprises, and (D) fishery product enterprises.
Production Concentration
The PCI showed a similar tendency to the above-mentioned spatial analysis, but the concentrations differed. The MLYP, HHHP, and NECP had the highest production abilities(Table 2; Figure 4). These areas have a total production concentration of 203.71, accounting for 76% of the total yield in China. From a spectral perspective, the distribution of plant product enterprises is similar to that of the entire green food industry (Figure 5). Specifically, most plant product enterprises are concentrated in the above-mentioned agricultural areas. Regarding process enterprises, the high PCI areas are evenly distributed across China, except for the Qinghai and Tibet provinces. In addition, the livestock and poultry product enterprises high PCI areas are mostly distributed in the northern Yangtze River, including Jiangsu, Anhui, and Hubei provinces, and the eastern part of Gansu Province. The PCI values of fishery product enterprises are relatively low, and the high-value areas are mostly distributed around the coastline and the MLYP region, particularly in Jiangsu, Zhejiang, and Fujian Provinces.
TABLE 2 | Production concentrations in different agriculture areas.
[image: Table 2][image: Figure 4]FIGURE 4 | Spatial features of the production concentration of the green food industry in China.
[image: Figure 5]FIGURE 5 | Spatial concentration features of the four sectors: (A) plant product enterprises, (B) process enterprises, (C) livestock and poultry product enterprises, and (D) fishery product enterprises.
However, we observed a different trend for PEAI. The northern arid and semiarid regions have the highest PEAI values, indicating that the average production capacity in this area is the highest in China. The NECP and the HHHP have the second and third highest values, respectively, suggesting that these areas also have high average production capacities. Notably, although the MLYP has the highest production concentration value, its PEAI is 1.77, which is only seventh in China. Thus, the average production capacity in this area is relatively low, and the scale of its enterprises is relatively small. At the provincial scale, Shandong, Heilongjiang, Jiangsu, Anhui, and Hubei have the highest production capacities. These provinces have a total production concentration value of 142.14, accounting for 48.67% of the total production. However, the provinces with the highest PEAI were relatively evenly distributed. The top five provinces were Xinjiang, Beijing, Heilongjiang, Guangxi, and Gansu.
Analysis of the Factors Driving the Production Concentration
The results of the GWR are reported in Table 3. Before the GWR analysis, we first used an OLS model to conduct significance and multicollinearity tests for all the independent variables. Based on the OLS analysis, 13 independent variables were statistically significant. Only the percentage of construction land was not significant, according to the F test. Additionally, the economic value of regional agricultural production and the regional population were collinear. We also detected multicollinearity between regional average precipitation, regional average accumulated temperature, and regional average humidity index. Finally, we retained the economic value of regional agricultural production and regional average precipitation, based on their R values.
TABLE 3 | Results of the GWR.
[image: Table 3]From a socioeconomic perspective, the green food industry tends to concentrate in regions with higher gross economic levels but lower per capita levels of development. The results obtained by interpreting the coefficients indicated that regional per capita GDP is negatively correlated with the green food industry’s production concentration. The regional urbanization rate was found to be negatively correlated with the production concentration, suggesting that a higher urbanization level leads to lower regional green food production concentrations. In addition, a one percentage point increase in the urbanization rate led to an 11.20% decrease in regional production concentration. The positive coefficient of the relationship between regional GDP and the economic value of regional agricultural production indicated that regions with higher gross economic production are associated with more green food enterprises and higher production capacities, particularly those with higher agricultural economic production.
The green food industry was found concentrated in regions with highly advantageous natural conditions. The GWR results showed that the coefficient of the degree of relief of the land surface was negative, suggesting that a region with greater topographic relief has a lower green enterprise production concentration. The coefficient of NPP was positive, indicating that a region with a higher NPP tends to have a more concentrated green food industry. In addition, a one-unit increase in NPP led to a 19.30% increase in production concentration. The coefficient of the regional average precipitation was negative, indicating that green enterprises tend to concentrate in areas with less precipitation.
The green food industry was found concentrated in areas with higher cultivated land percentages but not in cereal planting areas. In addition, higher air quality had a positive influence on the concentration. The GWR results showed that the coefficient of the regional cultivated land percentage was positive, suggesting that regions with more cultivated land tend to have higher production concentrations. In addition, a 1%increase in the regional cultivated land area led to a 38.90% increase in production concentration. However, the CPPI, which represents the cereal production potential, had a negative coefficient. This suggests that the green food industry tends to be located in areas with higher proportions of cultivated land, but not in cereal planting areas. The positive coefficient of the regional average air quality ratio indicated that the green food industry tends to be located in regions with better air quality.
DISCUSSION
Policy Implication on National Scale
The results of this study reveal some issues in China’s green food industry. First, the structure and species of green food enterprises are simple, and most enterprises are related to plant products. These types of enterprises are upstream in the industry chain and have low additional value. These enterprises are also resource-intensive and consume large amounts of natural resources. Additionally, with economic development in China, there is a large demand for high-quality and diverse green foods that require further processing, particularly livestock, poultry, and fishery products. Currently, the green industry structure is unable to meet these demands (Song, 2011; Zhu, 2017). Second, there are aggregations within green food enterprises. However, the development level differs between different areas. Green food enterprises are concentrated along the eastern coastline and Yangtze River. In the remaining central and western areas, such enterprises are dispersed, which could prevent economy-of-scale effects and industry professionalization.
There are important policy implications associated with two aspects. One is the national green food industry policy. Thus, it is important to optimize industry structure. Specifically, there is a need to increase the proportion of livestock and poultry product and fishery product sectors. Deep processing and high-quality and high-value-added products also need to be developed. The government could support the development of leading regional enterprises to shape the aggregation of the regional green food industry and drive its development. Such activities could include preferential taxes and financial subsidies and incentives (Zhu, 2017).
Developing a green food industry is important for improving food security. Natural and environmental advantages are some of the most important factors for the green food industry. Therefore, on one hand, China should not only encourage an increase in the amount and production capacity of green food enterprises, but also promote high-quality original food sources. For example, more green food facilities can be built, which can grow crops in environmentally friendly conditions with less water, pesticides, and fertilizers. On the other hand, China should stimulate demand for green food. Previous studies have shown that several factors influence green food demands, such as cognition, education level, family population, income, and health consciousness (Zepeda and Nie, 2012; Zhu et al., 2013; Singh and Verma, 2017; Wang X. et al., 2019; Liang and Lim, 2020). The government needs to play an active role in improving people’s income, level, and cognition levels with respect to green food, which could promote mature organic food markets.
Policy Implication on Regional Scale
From a regional perspective, there is a need to balance the supply and demand of green foods among different regions. First, although the number of green food enterprises is the largest in the MLYP, the average production capacity of each enterprise is relatively low, which could hamper the agglomeration effect of the green food industry. Therefore, the enterprise scale in this area can be increased to strengthen the agglomeration effect. Additionally, this area is among the largest economic science and technology areas in China and is also favorable for agriculture. This area has a large market, strong technology support, and high-quality natural conditions. Therefore, it is necessary to stimulate the development of the green food industry. The only disadvantage of this area is that its cash crop planting area is relatively small (Liu et al., 2016) and cannot supply sufficient raw materials. However, this can be offset by regional cooperation and the acquisition of organic raw materials from other regions. Southern China, another economic center of China, has a fewer enterprises and low PCI and PEAI values, indicating that this area also has great potential for developing the green food industry.
Second, the northern arid and semiarid regions have great potential for developing the green food industry. This area has only 355 green food enterprises, but has the highest PEAI. Additionally, the degree of spatial clustering is very low for each prefecture city. It is necessary to enhance regional cooperation and enterprise agglomeration in this area to develop the green food industry. This area has a large advantage in cash crop planting because of its natural conditions (Liu et al., 2016). Therefore, the focus should-be on developing the green food industry’s planting sector. Additionally, this area is also a traditional pasture area of China (Liu et al., 2016). It can also use this advantage to develop livestock and poultry sectors.
Finally, although fishery products are concentrated around the coastline of China and in the MLYP, which has a large amount of water resources, the degree of aggregation is not high in these areas, as shown by the hotspot analysis. It is necessary to increase the degree of aggregation of enterprises to increase the development of the fishery products industry and optimize the green food industry structure throughout the country.
Limitations
In this study, we used the location data of certified green food enterprises to investigate the spatial patterns of China’s green food industry. However, while analyzing its concentration and impact factor, we transformed the point data into planar data at the prefecture level. The data for all independent variables were at the prefecture level. It would be more accurate if the entire analysis used point data. Future work could conduct case studies to verify the green food industry’s temporal and spatial variations and its impact mechanism.
CONCLUSION
There are numerous green food enterprises in China, and 81.94% of these enterprises are plant product enterprises, with the MLYP accounting for the largest proportion of these enterprises. The hotspot analysis of the green food industry showed that the hotspots were mostly distributed in eastern China, particularly in the MLYP, HHHP, and NECP (Figure 2).
The MLYP, HHHP, and NECP have the highest production capacities. The production from in these three areas accounted for 76% of the total production. However, the PEAI analysis showed that the northern arid and semiarid regions have the highest PEAI, indicating that the average production capacity of a single enterprise in this area is the highest in China. The PEAI also showed that the NECP and HHHP have higher average production capacities. Although the MLYP has the highest production concentration value, with a relatively low PEAI, indicating that the average production ability in this area is relatively low, the scale of its enterprises is relatively small, and the enterprises capability against risks is relatively low.
The GWR analysis showed that the green food industry tends to concentrate in regions with higher gross economic levels but lower per capita levels of development. The results also showed that the green food industry tends to concentrate in regions with highly advantageous natural conditions. In addition, better air quality has a positive influence on the concentration. Additionally, more green food enterprises are located in areas with a higher percentage of cultivated land but not in cereal planting areas.
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