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The gray water footprint (GWF) can quantitatively evaluate the effect of non-point pollution on water quality in the context of water quantity. It is crucial to explore the driving forces behind the GWF to solve water quality problems. This study quantified the unit GWFs of grain crops and oil crops at the municipal scale in six provinces of western China over 2001–2018, then jointly applied the extended STIRPAT model and path analysis methods to analyze the climatic and socioeconomic driving forces of the GWF. Results show that the key driving forces affecting the GWF obtained by the two methods were consistent. Planting structure and population were the main factors increasing the total GWF, while crop yield was the largest factor inhibiting the unit GWF and demonstrates regional differences. However, when the indirect influence of the driving factor through other factors was large, some driving forces obtained by different methods were reversed. For example, the indirect impact of per capita cultivated land area on the total GWF in Inner Mongolia was large, resulting in a significant positive impact in path analysis and a slight negative impact in the STIRPAT model. To draw more comprehensive and referential conclusions, we suggest using multiple methods together to verify the driving forces and account for the regional differences.
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1 INTRODUCTION
At the global scale, farmland accounts for more than 70% of the total human water consumption (Foley et al., 2011; Hoekstra and Mekonnen 2012; FAO 2020). Population growth and economic development have led to increasing human demands for agricultural products. Growing more food by expanding farmland or allocating more water is not a viable option for feeding a growing global population (Foley et al., 2019). To overcome the constraints of limited water and soil resources, chemical fertilizer can be applied to increase the yield per unit area of crops (Mekonnen and Hoekstra 2015; Zhang et al., 2015; Guo et al., 2019), which is an effective way to meet the increased demand for food. However, the leaching of chemical fertilizers in agricultural production causes serious non-point source pollution, which not only destroys the ecological security of farmland (Li et al., 2022), but also disturbs the global nitrogen and phosphorus cycle, which is the main source of water pollution (Foley et al., 2011). Nitrogen N) and phosphate P) are two kinds of fertilizers commonly used in agricultural production, and the diffusion pollution of N and P affects the quality of water resources. The gradual deterioration of water quality reduces the amount of useable water and exacerbates the global water crisis (Mateo-Sagasta et al., 2017). Understanding the impact of poor water quality has become an indispensable part of solving the global water crisis. The water footprint (WF) was proposed by Arjen Y. Hoekstra in 2002 (Hoekstra 2003); the gray water footprint (GWF) is an important part of the WF indexes. The GWF is defined as the volume of freshwater required to absorb and assimilate the pollutant load based on the natural background concentration and existing ambient water quality standards (Hoekstra et al., 2011) and acts as an indicator for measuring the severity of water pollution. The GWF is used to reflect water pollution caused by production and life activities and has good application prospects in water pollution assessment, water resource efficiency assessment and water resource carrying capacity (Boazar et al., 2019; Aldaya et al., 2020; Ansorge et al., 2020; Chen et al., 2021). The GWF can connect water, crop production and the environment, realize the comprehensive evaluation of water shortages and water pollution in crop production processes, and enhance the comparability of water consumption and water pollution (Wan et al., 2016). Globally, 75% of N-related GWF (Mekonnen and Hoekstra 2015; Muratoglu 2020) and 38% of P-related GWF come from agriculture (Mekonnen and Hoekstra 2018).
In recent years, studies on GWF have increased. At present, the research on GWFs mainly focuses on the quantitative calculation of the water pollution degree of products or regions at different spatial scales. The size, intensity and distribution of GWFs are determined by the combined effects of climatic conditions, crop types, and farmland management methods (Mekonnen et al., 2016; Chukalla et al., 2018; De Girolamo et al., 2019; Muratoglu 2020) and are also closely related to social and economic factors. Therefore, it is of great significance to analyze the driving forces affecting the size and distribution of GWFs to solve water shortages and improve the sustainable utilization of regional water resources. Therefore, the driving force analysis of regional GWFs has become a popular topic of research. Based on the distribution of the study areas, China is the key area of these studies. The main research methods are structural decomposition analysis (SDA) (Wan et al., 2016; Liao et al., 2021), logarithmic-mean divisia index (LMDI) exponential decomposition (Li et al., 2017; Wang et al., 2019; Zhang et al., 2019; Cao et al., 2020; Cui et al., 2020; Su et al., 2020; Feng et al., 2021; Fu et al., 2021; Chen et al., 2022) and stochastic impacts by regression on population, affluence, and technology (STIRPAT) (Jin et al., 2016; Fan and Fang 2020; Zhang et al., 2020) (see Table 1). The SDA method is based on an input–output model and requires input–output coefficients and final demand for each sector (Su and Ang 2012; Wang et al., 2013; Jin et al., 2016); however, the LMDI method has no residual term (Ang 2005). The LMDI cannot examine the elasticity of each factor, which refers to the change in the dependent variable due to a change in an independent variable, while other factors remain constant (Huang et al., 2021). Compared with other methods, the STIRPAT model is more flexible and easier to operate, clarifying the mathematical relationship between driving forces and their effects (Wang et al., 2013; Jin et al., 2016). Path analysis (Wright 1934) was developed in the 1920s to analyze multiple causality (Petraitis et al., 1996), which can reveal the effect of multiple independent variables on dependent variables (Mao et al., 2021). The method decomposes the correlation coefficient into the direct path coefficient, indirect path coefficient and total correlation coefficient to represent the direct, indirect, and comprehensive influences of independent variables on dependent variables, respectively. Path analysis also provides an efficient method for finding interrelationships between independent variables (Brunn et al., 2020; Li et al., 2020). The significance of path analysis is that it not only reveals the direct and indirect effects of multiple independent variables on the dependent variable, but also obtains the best path for the independent variable to determine the dependent variable, which is helpful in decision-making.
TABLE 1 | Summary of representative literature on the driving forces of the gray water footprint.
[image: Table 1]There have been published studies which analyzed the driving forces of agricultural WF, including GWF, at intra-national scale for China. Jin et al. (2016) conducted a quantitative analysis of the WF of the agricultural sector in Beijing and concluded that the Engel coefficient and level of urbanization had the greatest positive effect on the growth of Beijing’s agricultural WF and that total rural electricity, population and per capita GDP can reduce the agricultural WF. Cui et al. (2020) divided China into eight economic regions to explore the driving forces of the GWF of the primary industry, indicating that economic scale, industrial structure, and population are the main driving factors and have spatial heterogeneity. Zhao et al. (2014) and Zhao and Chen (2014) analyzed the driving forces of the WF of the agricultural sector in China using the STIRPAT model and the LMDI method, respectively; both studies indicated that the economic development level, population, and dietary structure were the main contributing factors, but the effect of the two methods was different. Although there are some studies analyzing the driving forces of GWFs, most of these studies ignore spatial differences in driving forces; furthermore, a variety of research methods coexist. The differences in method conclusions have caused obstacles for implementing practical implementations of GWFs to solve agricultural water pollution problems.
This study quantifies the unit GWF of grain crops and oil crops and the total GWF of regional crop production related to N and P at the municipal scale in six western provinces of China (Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang and Inner Mongolia) (Figure 1). The crop types considered, including wheat, corn, cotton, potatoes, vegetables, oilseeds, melons and fruits, cover 73% of the total cultivated land in the six provinces (CNKI, 2022). Grain crops dominates both the crop harvested area and production, whereas oil crops have higher values and contribute more to the economic benefits of the local agriculture. The STIRPAT model and path analysis method are jointly applied to accomplish the following: analyze the climatic and socioeconomic driving forces of the temporal and spatial evolution of N- and P-related GWFs; discuss the differences between the conclusions of these methods; propose more targeted and effective countermeasures to protect farmland ecological environments; promote the effective management of water resources; provide theoretical support for the realization of regional agricultural sustainable development; and provide methodological suggestions to analyze the driving force of GWFs.
[image: Figure 1]FIGURE 1 | Study area.
In recent decades, the agricultural production model of “high-input, high-yield” has been adopted and promoted in many areas of China. Specifically, in six western provinces, the average yield of grain crops and oil crops increased by 1.91 and 1.90 times, respectively, with 1.61-fold total N fertilizer application and 2.03-fold total P fertilizer inputs over the period 2001–2018 (CNKI, 2022). Excessive fertilization has aggravated agricultural non-point source pollution, and environmental problems brought by China’s agricultural development have become increasingly prominent (Wu and Ge 2019). The annual consumption of fertilizers per hectare of arable land in China is four times the global limit, making it the world’s largest fertilizer consumer (Liu et al., 2021). In Northwest China, agriculture is still the main industry, and due to the shortage of water resources and low ecological efficiency, it is a key area targeted for agricultural pollution control and prevention (Wang and Lin 2021). The cultivated land area of the six western provinces is 22.2% of China, but the total amount of water resources accounts for only 10% of the national total water resources, and agricultural water accounts for 80% of the total local water withdrawal (Ministry of Water Resources of the People’s Republic of China, 2019; CNKI 2022). Meanwhile, the level of social and economic development in the six western provinces is not high, the ecological environment is fragile, and ecological environment damage caused by extensive and inefficient production methods is increasingly obvious (Chen et al., 2021). Since China began to implement the strategy of “Western Development” in 2000, the rapid economic development in western China has led to increasingly prominent water pollution problems, and the center of China’s GWF has tended to move westward (Lin et al., 2019).
2 METHODS AND DATA
2.1 GWF calculation for crop production
Based on the GWF standard calculation framework of the International Water Footprint Network (Hoekstra et al., 2011), the GWF at the municipal scale of six western provinces from 2001 to 2018 was quantified. The unit GWF (m3/t) of the growth process of crops is calculated as follows:
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where [image: image] is the GWF of crop production related to N and P (m3/t), and the maximum value of the two is taken; AR is the amount of fertilizer applied per hectare (kg/ha); α is the leaching rate, which is the proportion of the total chemical fertilizer applied that enters the water as pollutants; [image: image] is the maximum allowable concentration (kg/m3); [image: image] is the natural background concentration of pollutants (kg/m3); and Y is the crop yield (t/ha).
According to guidelines for the use and protection of surface water in China, referring to Zhuo et al. (2016), the class III water standard in the “China Surface Water Environmental Quality Standard” (MEP 2002) is mainly applicable to the secondary protection areas of surface water sources used for centralized domestic and drinking water. The maximum allowable concentrations of N and P are 1 mg/L and 0.2 mg/L, respectively; the natural background concentrations of N and P are 0.2 mg/L and 0.02 mg/L, respectively.
The amount of fertilizer applied in each city is determined according to the proportion of the sown area in each city and then allocated based on the crop fertilizer allocation method (Wang et al., 2013). It is allocated to each crop according to the crop planting situation in the study area. The formula is as follows:
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where [image: image] is the amount of fertilizer applied to crops in various cities; [image: image] is the amount of fertilizer applied to each crop; [image: image] is the planting area of each crop; [image: image] is the ratio of the amount of fertilizer applied per unit area of each crop; [image: image] is the amount of fertilizer applied per unit area; i is the type of crops; and j is the number of main crops in each province.
2.2 Driving force analysis of GWF
The STIRPAT model and path analysis method were combined to analyze the main driving forces of crop production GWF related to N and P in these provinces.
2.2.1 The STIRPAT model
The STIRPAT model is a stochastic model transformed from the classic IPAT equation by York et al. (2003), which overcomes the limitations of the original model. Its form is usually as follows:
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where I, P, A and T refer to environmental impact, population, affluence and technology, respectively; a is the model coefficient; b, c, and d are the index of each factor; and e is the error term. When a = b = c = d = e = 1, the STIRPAT model is the IPAT identity. The above formula is usually converted to logarithmic form:
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where a and e are [image: image] and [image: image] in the formula, respectively; and b, c and d represent the elasticity of P, A and T to environmental impact, respectively. In logarithmic form, each coefficient of driving force represents the percentage of environmental impact change caused by each 1% change in the driving force influencing factors when other influencing factors remain unchanged (Long et al., 2006; Zhuo et al., 2020).
The extended STIRPAT model can add other driving forces based on the above model to analyze their impacts on the environment. To fully reflect the driving forces of the GWF, we extend the STIRPAT model. According to the previous regression results, eight main effect variables are introduced into the model; these variables are selected based on the results of stepwise regression. The extended STIRPAT model is as follows (see Table 2):
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where [image: image] is the GWF of crop production; Yi is crop yield; PSi is planting structure; pGDPi represents affluence (expressed by per capita GDP); pPAMi is per capita total power of agricultural machinery; POPi refers to population (expressed in total population); pALAi denotes per capita cultivated land; Ti is mean temperature; and Pi is precipitation.
TABLE 2 | Dependent and independent variables used in this study.
[image: Table 2]Regression requires multicollinearity diagnosis of independent variables, which can be tested by the variance inflation factor (VIF). Generally, if the VIF exceeds 10, the regression model has severe multicollinearity (Freund et al., 2006). The VIFs of all variables were less than the threshold of 10, and there was no clear multicollinearity in this study.
2.2.2 Path analysis
Path analysis is applied as well to determine the main factors that affect the GWF of crop production. To compare the differences between the results of the two methods, path analysis is still carried out using the aforementioned eight factors. That is, crop yield (kg/ha), crop planting structure (%), per capita GDP (Yuan), per capita total power of agricultural machinery (Kw), total population (103), per capita cultivated land area (ha), mean temperature (°C), and precipitation (mm) are independent variables, and the unit GWF of grain crops and oil crops and the total GWF of each region are dependent variables.
The path coefficient is obtained by solving the following equation:
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where [image: image] is the simple correlation coefficient between factor [image: image] and factor [image: image]; [image: image] is the simple correlation coefficient between factor [image: image] and GWF, which represents the total influence of factor [image: image] on GWF; [image: image] is the direct path coefficient, which represents the direct influence of factor [image: image] on GWF; and [image: image] is the indirect path coefficient, which represents the indirect effect of factor [image: image] on GWF through [image: image]. [image: image] represents the total contribution of factor [image: image] to the GWF.
2.3 Data sources
The amount of N and P fertilizers applied, sown area, crop yield, cultivated land area, GDP, population, and total power of agricultural machinery were taken from the statistical yearbooks and statistical bulletins of each province and city (CNKI, 2022). To eliminate the effect of price changes and ensure comparability, data on the variable related to the economy, namely, per capita GDP, were converted to constant prices for 2001. The precipitation and mean temperature were derived from the National Meteorological Science Data Center, and the meteorological data of each city was the average of all stations or adjacent stations in each city. The amount of per unit N and P applied to each crop was obtained from the National Agricultural Product Cost-benefit Data Collection for 2001–2018 (Department of Price et al., 2019). Amounts for the crops not mentioned were determined by referring to the literature and taking the average of amounts noted in several articles.
The N and P leaching rate data on in the six western provinces were calculated, sorted, and summarized based on published local measurements (Table 3) (Mei 1991; Lv et al., 1998; Ye et al., 2004; An and Sun 2009; Liu et al., 2012; Yang et al., 2013; Ding 2015; Liu et al., 2016; Li et al., 2017; Chang et al., 2018; Liu 2018; Qi et al., 2020; Wang et al., 2021).
TABLE 3 | Leaching rates of N and P in six provinces in western China.
[image: Table 3]3 RESULTS
3.1 Spatiotemporal evolution of the GWF in western China
As shown in Figure 2, from 2001 to 2018, the total GWF related to N and P in the six western provinces showed a fluctuating upward trend, increasing by 55% and 98%, respectively, over 18 years but declining after 2015. This was related to the country’s implementation of the “double reduction” policy in 2015. N was the main source of pollution, and the P-related GWF of crop production was much smaller than the N-related GWF; it was approximately 33% of the N-related GWF (2018). Wheat, corn, cotton, vegetables, oilseeds, melons and fruits were the main components of the N- and P-related total GWF, accounting for 72% and 81%, respectively, due to the larger sown areas of these crops. Among them, the total GWF of maize and cotton showed an upward trend due to the large increase in sown area, while the increase in the amount of fertilization was the direct reason for the increase in the total GWF of wheat production.
[image: Figure 2]FIGURE 2 | Spatiotemporal evolution of N- and P-related GWF in West China. (A) The interannual variation in the total GWF of crop production from 2001 to 2018; (B–E) the spatial distribution map of the total GWF of crop production in 2001 and 2018.
Higher values of total GWF related to N appeared in eastern Inner Mongolia, western Xinjiang, and southern Shaanxi, showing an overall increasing trend during the study period; total GWF in a few cities decreased due to the reduction in fertilizer application or sown area. During the study period, the P-related total GWF of crop production showed an upward trend. In 2018, higher values appeared in western Xinjiang and eastern Inner Mongolia, of which the increase was more obvious in most areas of eastern Inner Mongolia, which experienced an exponential increase in fertilizer application. In central and southern Shaanxi, the N-related total GWF was higher, but the P-related GWF was only 14.66% of that related to N, indicating that N fertilizer was mainly applied in most areas of Shaanxi. The largest intra-provincial difference was in Inner Mongolia. Due to the differences in the crop sowing area, main planting crops and agricultural development level among prefecture-level cities, there were differences in the GWF within the province.
Grain crops were the main source of food and the dominant crop overall. In 2018, grain crops in the six western provinces accounted for 64% of the total sown area and 63% of the total crop yield (CNKI 2022); grain was an indispensable part of the crop composition in six western provinces. At the same time, among economic crops, oil crops account for the largest proportion of the sown area in the six western provinces. Taking grain crops and oil crops as examples, this paper analyzes the temporal and spatial evolution characteristics of the unit GWF.
Figure 3 shows the temporal and spatial evolution of the unit GWF of grain crops and oil crops related to N and P in the six western provinces. During the study period, the main pollution source of grain crops dominated by chemical fertilizer was N, and the multiyear average unit GWF related to N was 5,243 m3/t, which was 4.4 times that of the P-related unit GWF. The unit GWF of grain crops related to N and P showed a downward trend; the reason for the decline was the increase in grain yield caused by the improvement in agricultural technology and agricultural production efficiency. The multiyear averages of the unit GWF of oil crops related to N and P were 8,181 m3/t and 4,924 m3/t, respectively. The unit GWF of oil crops related to N fluctuated and decreased, but the unit GWF of oil crops related to P showed an upward trend. The main pollution source of the unit GWF of oil crops dominated by chemical fertilizer gradually changed from N to P. The unit GWF of oil crops was higher than that of grain crops. The reason for this result was that oil crops had higher economic benefits, and the amount of fertilizer application per unit area was higher than that of grain crops, resulting in a larger unit GWF of oil crops.
[image: Figure 3]FIGURE 3 | Spatiotemporal evolution of N- and P-related unit GWF in West China. (A) The interannual variation in the unit GWF of grain crops and oil crops from 2001 to 2018; (B–E) the spatial distribution of the unit GWF of grain crops in 2001 and 2018; (F–I) the spatial distribution of the unit GWF of oil crops in 2001 and 2018.
The higher levels of unit GWF of grain crops related to N mainly appeared in Shaanxi and central Inner Mongolia. The higher levels of unit GWF of grain crops related to P shifted from central Inner Mongolia to Xinjiang because of the decrease in P application in central Inner Mongolia and the increase in P application in most areas of Xinjiang. At the provincial scale, the difference in GWF related to N and P in Shaanxi was the largest, as a result of relatively high N application per unit area and medium P application per unit area in Shaanxi. The unit GWF of grain crops related to N and P in other provinces showed a downward trend except in Xinjiang. The increase in fertilizer application per unit area in Xinjiang led to the increase in the unit GWF of grain crops.
During the study period, the higher unit GWF related to the N of oil crops appeared in the eastern part of the six western provinces, namely, Shaanxi, Inner Mongolia and Ningxia. Most cities showed a downward trend, but the trend increased in Haixi, Qinghai Province, due to the adjustment of the internal planting structure. The higher level related to P was mainly concentrated in Inner Mongolia and showed an increasing trend, due to the increase in the amount of P applied per unit area and the sown area of oil crops in Inner Mongolia. Compared with grain crops, the regions with higher unit GWF values of oil crops were more concentrated because the planting area of oil crops varied greatly in different regions. Moreover, the spatial difference in the unit GWF of oil crops was even greater, possibly because oil crops were the main economic crops, and the sown area and fertilization amount per unit area were affected by agricultural development policy, agricultural technology level, climatic conditions and other factors.
3.2 Driving force analysis results based on the STIRPAT model
Figure 4 shows the driving forces of the total GWF of crop production in the six western provinces. The results show that planting structure, population and per capita total power of agricultural machinery were the main factors increasing the total GWF, and the increase in grain demand caused by population growth was accompanied by an increase in the total GWF of crop production. In Ningxia and Shaanxi, planting structure was the strongest promoting factor, resulting in every 1% increase in the proportion of the sown area of each crop from 2001 to 2018, with an average increase of 0.68% and 0.54% and 0.68% and 0.57%, respectively, in the total GWF of crop production related to N and P. The effect of planting structure mainly came from cotton, melons, fruits, and potatoes. At the same time, the effects of various driving forces showed regional differences. For Ningxia, the per capita cultivated land area also showed a relatively significant positive effect. When the per capita cultivated land area increased by 1%, the total GWF of crop production related to N and P in Ningxia increased by 0.37% and 0.35% on average, respectively. The per capita cultivated land area and per capita total power of agricultural machinery reflected regional agricultural production conditions to a certain extent. The increase in agricultural production input and expansion of the agricultural production scale will have a positive impact on the GWF of crop production. Per capita GDP had a negative driving effect except in Inner Mongolia, reducing the total GWF of crop production related to N by 0.17% and 0.24% on average in Ningxia and Shaanxi, respectively. The negative effect on the total GWF of crop production related to P was most obvious in Qinghai and Ningxia, but it is worth noting that per capita GDP had a positive effect on the total GWF of potato production in Ningxia; for every 1% increase in per capita GDP, the GWF of potato production related to N and P in Ningxia increased by 0.26% and 0.39%, respectively. The growth of per capita GDP led to an increase in the demand for agricultural products, resulting in an increase in the GWF. At the same time, the growth of per capita GDP improved the level of agricultural technology and management, reduced the unit GWF of crop production, and even exceeded the total GWF of crop production brought by an increase in crop yield designed to reduce the GWF. In recent years, potato planting has been gradually industrialized in Ningxia, and the yield and price have continuously increased, which has stimulated farmers to plant more potatoes. The increase in potato planting area and chemical fertilizer input led to an increase in the total GWF of potato crop production in Ningxia. Meteorological factors (mean temperature and precipitation) had less effect, but mean temperature was the largest negative driving force in Inner Mongolia.
[image: Figure 4]FIGURE 4 | Boxplot of the driving force of the total GWF related to N (A) and P (B) in the six western provinces.
Figure 5 shows the impact of various driving forces on the unit GWF of crop production. The crop yield level played the largest role in reducing the unit GWF. For every 1% increase in the crop yield level, the unit GWF related to N and P decreased by 0.84% and 0.66% on average, respectively. Compared with crop yield levels, the effects of other driving forces were not as strong. Per capita GDP was the largest contributing factor to unit GWF related to N in Inner Mongolia and Qinghai. Every 1% increase in per capita GDP led to an average increase of 0.52% and 0.22% in unit GWF related to N in Inner Mongolia and Qinghai, respectively, which was related to the economic development stage and agricultural input emphasis of each province. Per capita GDP had a positive effect on unit GWF related to N in Inner Mongolia but a negative effect related to P because the growth trends of N and P application were different. Mean temperature was the main increasing factor for the unit GWF related to P in Xinjiang and Qinghai, and per capita total power of agricultural machinery was the main growth factor in Inner Mongolia and Shaanxi.
[image: Figure 5]FIGURE 5 | Boxplot of the driving force of the unit GWF related to N (A) and P (B) in six western provinces.
3.3 Driving force analysis results based on path analysis
The total effect (see Supplementary Tables S1, S2) was expressed as the sum of the direct and indirect effects of factors on the dependent variable. From the perspective of the total effect, planting structure and population were the main promoting factors of the total GWF, and the total effect coefficients for planting structure and population related to N were 0.47 and 0.43, respectively, and to P were 0.44 and 0.41, respectively. At the same time, the positive effect of per capita cultivated land cannot be ignored. Meteorological factors had greater positive or negative effects in different provinces. For example, mean temperature showed the greatest inhibitory effect in Inner Mongolia and Ningxia, and precipitation was an important positive driving factor in Ningxia and Gansu. The negative effects of per capita GDP were stronger in Gansu and Ningxia than in other provinces.
Path analysis divided the influence of each factor into direct influence and indirect influence. Figure 6 shows the direct and indirect effects of various factors on the total GWF of grain crops and oil crops in the six western provinces. The direct path coefficient shows that population, per capita cultivated land area and planting structure had a positive effect on the total GWF of grain crops production, while per capita GDP had a negative effect on the total GWF of grains crop production related to P. There were also spatial differences in the main factors affecting the total GWF In Qinghai, mean temperature had the largest positive effect, but the main positive factor in Ningxia was per capita cultivated land area. The crop yield area and precipitation had indirect effects through other factors on the total GWF of grain crops related to N and P, but the direct effects were small. Population and planting had positive effects on the total GWF of oil crops production, consistent with grain crops, but the effect of planting structure was more prominent for oil crops. Per capita GDP had a negative effect on the total GWF of oil crops production, but the negative effect was inhibited by other factors in Ningxia and Gansu. Similarly, except for Qinghai, precipitation had a positive effect, but the positive effect was inhibited by other factors.
[image: Figure 6]FIGURE 6 | Direct and indirect effects of various factors on the total GWF of grain crops and oil crops in the six western provinces: (A,B) direct effects of various factors on the total GWF related to N (left) and P (right) of grain crops; (C,D) indirect effects of various factors on the total GWF related to N (left) and P (right) of grain crops; (E,F) direct effects of various factors on the total GWF related to N (left) and P (right) of oil crops; (G,H) indirect effects of various factors on the total GWF related to N (left) and P (right) of oil crops.
Figure 7 shows the degree of interactions between various factors for the total GWF of crop production. Meteorological factors mainly influenced the GWF of crop production through other factors, but indirect factors differed in each province. In Qinghai Province, other factors mainly affected the total GWF of grain crops and oil crops through mean temperature except per capita GDP, but the direction of the indirect effect of planting structure on the total GWF of the two crops through mean temperature was opposite. In Gansu Province, crop yield and per capita GDP negatively affected the total GWF of grain crops production mainly through the indirect effect of population, while the opposite was true in Shaanxi Province. Indirect negative effects of crop yield and per capita GDP through per capita cultivated land area and mean temperature on the total GWF of grain crops and oil crops production had same direction in Ningxia.
[image: Figure 7]FIGURE 7 | Indirect effects of various factors on the total GWF of grain crops and oil crops in the six western provinces.
In terms of unit GWF, from the perspective of the total effect (see Supplementary Tables S3, S4), except for the unit GWF related to P in Inner Mongolia, crop yield had the strongest negative effect. The main positive driving forces of each province were different. The per capita cultivated land area had the strongest positive driving effect in Ningxia, while planting structure had the strongest positive effect in Xinjiang. In addition, the positive effect of meteorological factors was more obvious in Gansu and Xinjiang. Per capita GDP was the second largest negative driving factor in Ningxia and Gansu, but it is worth noting that, in Inner Mongolia, per capita GDP had a strong positive effect on the GWF related to N but a negative effect on the GWF related to P.
Figure 8 shows the direct and indirect effects of various factors on the unit GWF of grain crops and oil crops in the six western provinces. The direct path coefficient shows that crop yield was the largest negative driving factor of the GWF of grain and oil crops in all the provinces except for Ningxia. The mean temperature had a significant negative effect on the unit GWF of grain crops in Ningxia, and the effect of planting structure on oil crops in Inner Mongolia was similar. Per capita GDP had a positive driving effect on the unit GWF of grain crops related to N, but it showed regional differences related to P. However, per capita GDP had a negative indirect impact on the unit GWF of grain crops related to N and P in different provinces. In Gansu, Qinghai and Shaanxi, the population had an indirect effect on the unit GWF, but the negative effect was suppressed by other factors. Precipitation had a negative effect on the unit GWF of grain crops, but it had a positive indirect effect through factors in Xinjiang. It is worth noting that almost all factors had a negative impact on the unit GWF of grain crops related to P in Ningxia. Similarly, per capita GDP positively drove the per unit GWF of oil crops related to N, of which per capita GDP was the largest positive driving factor in Qinghai, but there were regional differences in relation to P, and the direction of influence was the same as that related to N in Qinghai and Inner Mongolia, though the impact was small. In Inner Mongolia, planting structure had a significant negative effect on the unit GWF of oil crops and even had the largest negative drive for the P correlation. There were spatial differences in terms of key drivers of GWF in different provinces. The per capita total power of agricultural machinery had a positive effect in Inner Mongolia and Shaanxi, but the situation was reversed in Ningxia and Qinghai. The negative influencing factors of the unit GWF of oil crops related to P were per capita cultivated land area and mean temperature in Xinjiang. It is worth noting that the vast majority of factors had indirect effects, but the opposite was true for direct effects.
[image: Figure 8]FIGURE 8 | Direct and indirect effects of various factors on the unit GWF of grain crops and oil crops in the six western provinces: (A,B) direct effects of various factors on the unit GWF related to N (left) and P (right) of grain crops; (C,D) indirect effects of various factors on the unit GWF related to N (left) and P (right) of grain crops; (E,F) direct effects of various factors on the unit GWF related to N (left) and P (right) of oil crops; (G,H) indirect effects of various factors on the unit GWF related to N (left) and P (right) of oil crops.
The influence degree and direction of the interaction among factors for unit crop GWF were different among provinces as well as crops. Figure 9 shows the degree of interaction between various factors on the unit GWF of crop production. Except Ningxia, most factors in western provinces affected the unit GWF mainly through crop yield level, and the same crop in the same province had same impact direction. For example, all factors had the greatest indirect impact through the crop yield in Gansu; In Inner Mongolia, the planting structure had the largest positive driving effect on the unit GWF of grain crops through crop yield, but had a negative driving effect on the unit GWF of oil crops. Meteorological factors, which include mean temperature and rainfall, mainly affected the unit GWF through other factors, and the total indirect influence cannot be ignored. In Ningxia, rainfall had the largest indirect effect on the unit GWF grain and oil crops through mean temperature, but the impact of the two crop types was opposite.
[image: Figure 9]FIGURE 9 | Indirect effects of various factors on the unit GWF of grain crops and oil crops in the six western provinces.
4 DISCUSSION
This study evaluated the driving forces behind the GWF of crop production in six western provincial regions from 2001 to 2018. Through the case study, based on the accounting of the GWF of crop production on the municipal scale, which considers the difference in leaching rate, two methods were used for the first time to reveal the regional driving forces of the GWF of crop production, allowing a more accurate conclusion to be drawn that can provide suggestions for applying the GWF to solve water pollution.
In terms of driving force analysis, we found that planting structure and population were the main factors that increase the total GWF, and crop yield was the largest inhibitory factor of unit GWF. Furthermore, the direction or intensity of the driving forces varied by region. Taking per capita GDP as an example, the impact of per capita GDP on GWF was positive or negative, which was related to the stage of economic development in each region and the crops, policies and agricultural input preferences of each region. The current results of path analysis show that per capita GDP played a promoting role on the increasing total GWF for vegetable production in Shaanxi province, through the indirect effects of 1.25 folded expansion in the planting area. The coefficient was 0.354 and 0.241 for GWF related to N and P, respectively (Figure 7). More vegetable production made more income as well as resulted in more fertilizer inputs. Meanwhile, in Gansu province, per capita GDP negatively affected the total GWP of grain crops through the indirect impacts on per capita total power of agricultural machinery, with the coefficient of -0.13 for GWF related to both N and P. Higher per capita GDP led to improvements in agricultural technological invests in Gansu province, where the grain crop production increased by 52.9% with 13.0% and 12.7% less N and P fertilization, respectively, over the study period.
Previous studies have shown that the scale of economic development, population, and industrial structure were the main driving factors of China’s agricultural WF (Zhao and Chen 2014; Zhao et al., 2014; Cui et al., 2020). This paper considers only the GWF of crop production and does not include the blue and green WFs, resulting in differences in the results. However, population and economic development remained important drivers of the GWF of crop production. In addition, our research found that the two methods showed consistency of key driving factors, with the same influence trend of each driving factor, though the order of intensity changed. In terms of the total GWF, the STIRPAT model shows that the effects of planting structure and population were stronger than other factors, but path analysis shows that per capita cultivated land area also had a positive effect, which even exceeded planting structure in Ningxia. Per capita GDP was a negative driving force in most cases, but for potatoes and vegetables, it was an obvious positive driving force in some provinces. The reason for this occurrence was that in recent years, vegetable and potato cultivation in these provinces had gradually become standard and industrialization, the scale of the industry had been steadily expanded, crop yield and income had gradually increased, and the effect of facility agriculture had been remarkable. The growth of per capita GDP had accelerated the development of facility agriculture, which had expanded the sown area of potatoes and vegetables and increased agricultural input at the same time. For the unit GWF, the STIRPAT model shows that the negative effect of crop yield was very significant compared to other factors, that the unit GWF related to N and P decreased by 0.84% and 0.66% on average, respectively, with 1% increase in crop yield. However, the negative effect of crop yield shown by path analysis was not as large as that shown by the STIRPAT model, the average total effect coefficients for crop yield level related to N and P were -0.594 and -0.488, respectively. The effect of other factors cannot be ignored, and even the negative effect of per unit yield on unit GWF related to P was relatively small in Inner Mongolia, which was related to the increasing trend of phosphorus application exceeding the increase in crop yield in Inner Mongolia. The positive effects showed regional differences, but the two methods showed different maximum positive driving forces. For example, the two methods show that the largest influential factors on the unit GWF in Xinjiang were mean temperature and planting structure, respectively. Furthermore, the STIRPAT model shows that factors other than per unit yield had little effect on the unit GWF in Ningxia and Gansu, but path analysis shows that per capita cultivated land area had the greatest positive effect in Ningxia, the positive effect of population in Gansu cannot be ignored, and per capita GDP was the second largest negative driving factor in Ningxia and Gansu.
In addition, when the indirect influence of the driving factor through other factors was larger, the influence of the two methods was reversed in some regions. Previous studies have shown that the main positive driving factors of the agricultural GWF were economic development status and population (Wang et al., 2019; Cui et al., 2020), planting structure and scale (Su et al., 2020). The main negative driving factors were investment change in crop planting, urbanization (Wang et al., 2019), and industrial structure adjustment (Cui et al., 2020). The positive driving factors were consistent with the main positive driving factors of the total GWF of crop production obtained in this study, which were planting structure and population, but our study showed that the per capita GDP had a negative driving effect on the total GWF of crop production except Inner Mongolia. The reason is that the research areas, scales and pollutant types of each study were inconsistent, leading to differences in the ranking and direction of driving factors. In the current results, the STIRPAT model shows that per capita cultivated land area had a slightly negative effect on the total GWF of crop production in Inner Mongolia, but path analysis shows an obvious positive effect because per capita cultivated land had a greater indirect impact through other factors. As far as meteorological factors were concerned, the STIRPAT model was minimally influenced by meteorological factors, but path analysis indicated that the impact of meteorological factors cannot be ignored. The main reason for this contradiction is that the calculation of GWF was greatly affected by the leaching rate, which was closely related to precipitation, and the crop production process was also greatly affected by temperature. Path analysis considers the indirect influence of meteorological factors on the GWF through other factors, and the results show that the indirect impact of meteorological factors cannot be ignored.
According to our analysis, we propose the following suggestions to solve non-point source water pollution in six western provinces.
1) Increasing the crop yield is an important means of reducing the pressure on water resources and the environment in the six western provinces. The results of this study indicate that crop yield was the most important driving factor for unit GWF. In the future, we should actively carry out the cultivation and promotion of drought-resistant, high-yield, green, and high-quality crops, improve land productivity, improve water resource utilization efficiency, and optimize agricultural structure and planting structure.
2) Optimizing planting structure is an effective means to control the pollution of agricultural chemical fertilizers. The results of this study show that the unit GWF of oil crops was higher than that of grain crops, and even increased in some provinces. Cash crops bring higher benefits to farmers, but pollution generated in the production process was higher than that of grain crops. The current results show that increases in P fertilization for oil crops has led to upward trends in P-related total and unit GWF of oil crops, especially in Xinjiang. The domination of the GWF of oil crops became P from N. Therefore, we suggest that the GWF should be considered in places like Inner Mongolia and Xinjiang where the GWF of oil crops was growing or higher than reasonable levels when optimizing the planting structure.
3) In different stages of economic development, affluence has different impacts on agricultural non-point source pollution, and different economic development levels in various regions have positive or negative impacts on the GWF of crop production. In technologically underdeveloped regions, one-sided pursuit of economic growth rates and unreasonable economic development structures lead to more severe water pollution, but in more developed regions, agricultural fertilizer pollution is controlled by promoting efficient agricultural irrigation technology and supporting ecological agriculture. Local governments should formulate economic development policies according to local conditions, change the one-sided pursuit of development models, and ease the relationship between the economy and the environment. At the same time, for economic development, it is necessary to consider the environmental carrying capacity and design and formulate reasonable policies and systems. To promote an increase in income and ensure the stable development of agricultural production, the implementation of policies that benefit farmers will not only increase farmers’ income and yield but also lead to the excessive use of chemical fertilizers. Hence, we should encourage farmers to adopt environmentally friendly technologies and strictly control the amount of fertilizer applied.
The current study is not limited to the case study itself. When many studies carry out driving force analysis in different regions, the differences between the selected analysis methods should be considered. The results of this study show that the two methods are applicable to most regions, and the key driving factors obtained are consistent, but the results of the two methods will be different in some regions for ranking the factors and influencing their directions. We suggest that a combination of multiple method tests be used to draw more accurate conclusions. At the same time, this study indicates that regional differences should be considered when analyzing the WF of crop production in different regions and scales. It should be noted that method is chosen given its advantages and feasibility to the analysis with data availability. With differences in terms of planting structure, climatic and socioeconomic conditions in planting locations, as well as yield and price among different crops, the analyzing results and conclusions would be different among crops. Therefore, crop types should be distinguished in such analysis.
The driving force analysis of the GWF represents only the impact of water pollution on water resource utilization, and physical water availability should be considered in solving water resource crises. Numerous studies have analyzed the driving forces of the blue and green WFs and investigated the main driving forces affecting water occupation. The results show that population, per capita GDP, and dietary structure are positive drivers, and therefore water use intensity is negatively affected (Xu et al., 2015; Wang et al., 2016; Feng et al., 2017; Soligno et al., 2019), which is partially consistent with the analysis results of the main driving forces of the GWF. Different research areas and different methods show different directions or intensities of effects. When analyzing driving forces in the future, multiple methods should be jointly verified, and regional differences should be considered.
However, this study still has some limitations. First, there were many types of pollutants that determine water quality. This study selected only N and P fertilizers as the main pollution sources and did not consider other types of pollutants. In the future, we should consider introducing more pollutants and comprehensively consider the GWF in many aspects when data are available. Although the GWF of a region should be the maximum value of the most critical pollutants, it is not comprehensive to calculate the GWF considering only the leaching losses of N and P, and this paper does not emphasize the final GWF value of the region. Second, due to the lack of more accurate data, when calculating the GWF of each crop at the municipal scale in this paper, N and P application at the municipal scale were allocated according to the planting area. Then, total N and P application at the municipal scale were allocated to each crop, and the amount of N and P applied by this method deviates from the actual value. Furthermore, there are certain limitations in the selection of research methods in this paper; the possibility of multiple methods for research comparison can be considered in the future.
5 CONCLUSION
In this study, the unit GWF of grain crops and oil crops and the total GWF of regional crop production at the municipal scale in six provinces of western China from 2001 to 2018 are the research objects, and the extended STIRPAT model and path analysis methods are jointly applied to analyze the climatic and socioeconomic driving forces of the GWF of crop production in these six western provinces and discuss the differences between different analysis methods. The results show that the total GWF of the six western provinces demonstrated a fluctuating upward trend during the study period, increasing by 55% and 98%, respectively. The total GWF of crops related to N was higher than that related to P. Except for the P-related unit GWF of oil crops, the unit GWF of grain crops and oil crops showed a downward trend, and oil crops had a higher unit GWF than grain crops. In terms of driving force analysis, the key driving factors affecting the GWF of crop production obtained by the two methods were consistent; only the order of the intensity of action changed. Planting structure and population were the main factors that increase the total GWF, while crop yield was the largest inhibiting factor of unit GWF; the study also demonstrates regional differences in driving factors. However, when the indirect influence of the driving factor through other factors was large, some driving forces obtained by different methods were reversed. For example, the indirect impact of per capita cultivated land area on the total GWF in Inner Mongolia was large, resulting in a significant positive impact in the path analysis and a slight negative impact in the STIRPAT model. We suggest that using multiple methods together to verify the driving forces and considering regional differences can lead to more comprehensive and referential conclusions.
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