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Abstract

:

Geo-environmental factors are believed to be major determinants of rural poverty. However, few studies have quantified the effects of these factors on rural poverty in China. In this paper, we used county-level poverty incidence data and geo-environmental factors to explore spatial patterns of the incidence of poverty using global and local spatial autocorrelation analysis and to investigate the effect of geo-environment factors on rural poverty using a geo-detector model. Our results demonstrated that there was spatial clustering of the incidence of poverty in the study area. The incidence of poverty decreased from south to north and from the east and west to the central area. The incidence of high–high poverty areas was mainly distributed in the southeast of Guizhou Province and the incidence of low–low poverty areas was distributed in the northeast. The results also demonstrated that percentage of effective irrigation on arable land, slope, elevation and vegetation cover were the dominant factors explaining the spatial pattern of poverty. Interaction analysis demonstrated that the slope non-linearly enhanced the percentage of effective irrigation on arable land. Our findings suggested that geo-environment is the fundamental control factor explaining the spatial pattern of rural poverty in China. Through analysis of the impact of the geo-environment on the spatial pattern of poverty, this study provides a reference for effectively implementing targeted alleviation of poverty.
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1. Introduction


The eradication of poverty has been a dream of mankind since ancient times, the common mission of mankind and the greatest global challenge facing the world today [1,2,3]. Since the economic reforms and opening-up of China and with the rapid development of the country’s economy, poverty alleviation has also made remarkable progress. According to the statistics, over 700 million poor people have been lifted out of poverty from 1978 to 2012 [4]. China has become the first country in the world to complete the goal of “halving the proportion of the poor” set by the United Nations (UN) [5]. In particular, after China launched a targeted poverty alleviation (TPA) strategy in 2013, the incidence of poverty decreased substantially from 8.5% in 2013 to 1.7% in 2018. This new type of poverty alleviation strategy is proposed by the central government of China and is built on a detailed top-level design to promote policy implementation [4]. China has invested unprecedented resources and has also made a significant contribution to the reduction of poverty worldwide, particularly after TPA initiated [6]. A series of policies have been implemented to ensure the poor population escape poverty, such as resettlement, health insurance, industrial development and housing maintenance. With the great endeavor followed by the guidance of TPA, China has ended all extreme poverty by the year of 2020 [7]. However, inequality of socio-economic development between rural and urban areas is still existed.



Many factors contribute to rural poverty, including socio-economic underdevelopment, a lack of appropriate institutions and policies and geo-environmental and other constraints with clear regional characteristics [8,9,10,11,12]. Rural poverty in China is mainly distributed in mountainous and hilly areas, rocky desertification areas and other areas with harsh geo-environments [13]. Previous studies suggested that geo-environmental factors, such as topography (elevation, slope), climate (temperature, precipitation), water resources and land use, are important determinants to rural poverty [14,15,16]. Topography has been identified as a fundamental factor that can determine the availability and quality of the cultivated land and thus affect the agricultural productivity and livelihood of local farmers. Severe soil erosion and poor transportation are frequently occurred in areas with steeper slopes, which lead to low level of production potential and underdeveloped socioeconomic conditions [15]. In addition, agricultural production is largely constrained by temperature, rainfall and water availability. For example, rainfall and its variability are identified as a significant climatic stress on the agricultural production [16] and is significantly related to rural poverty in Kenya [14]. Accessibility to water resource (distance from river) determine the likelihood of irrigation of cultivated land and thus affect the agricultural potential and returns from land. Farmers in Guizhou province benefits from different type of land resources like arable land and forest. Agricultural production and forest products generally contribute a substantial share of total household income [17,18]. Therefore, geo-environmental factors play a fundamental role in forming rural poverty.



Because of geo-environmental factors, infrastructure in these areas is weak, it is difficult to increase income and consequently it is difficult to eradicate poverty. The occurrence and the degree of poverty are closely related to the geo-environment. Poverty is the result of long-term effects of humans and the geo-environment, in addition to the basic conditions that influence the evolution of human-land relations in the future. Over 40% of the population of poor people in China is distributed in particular areas of the geo-environment, of which 19% is in rocky desertification areas [19]. The relationship between the geo-environment and poverty have been widely studied by geographers [20,21,22]. Research on the impact of the geo-environment on poverty has achieved substantial results, mainly in the following aspects: the relationship between “geographic capital” and income level [23,24], the theory of sustainable livelihood approaches to poverty alleviation [25,26,27] and geo-environmental vulnerability and poverty [28,29,30,31,32]. These studies focused on a qualitative description or theoretical model analyses and provided important evidence for our understanding of the environment-poverty nexus. However, there are few quantitative investigations of the effects of geo-environmental factors on rural poverty. In addition, although China has ended extreme poverty, there is still a great challenge to reduce relative poverty the and inequality of socio-economic development. Considering the importance of the geo-environment on rural poverty and rural development, improving the understanding of the impacts of geo-environmental factors on rural poverty can provide valuable insights into future policies in order to narrow the socio-economic development gap.



Several studies have recently attempted to explore these questions using models and methods such as the back propagation (BP) neural network model [33], spatial analysis [34,35], multiple linear regression [36,37] and geographically weighted regression [38,39]. However, these studies focused on investigating individual factors, rather than interactions among factors. Indeed, two factors that interact with each other have differences in strength, direction and exhibit linearity or non-linearity, which is clearly not the case for a single factor [40,41,42]. Overlooking the effects of interactions among geo-environmental factors on poverty leads to misleading conclusions and a lack of understanding regarding the mechanisms underpinning rural poverty. Here, a geo-detector model was used to identify factors that influence the incidence of poverty and to examine the interaction effects between these factors. This model is an effective tool to study the driving forces of complex geographic elements [42].



In this paper, global and local spatial autocorrelations were used to explore the spatial pattern of the incidence of poverty in 2013 and a geo-detector model was used to identify the dominant geo-environmental factors explaining the incidence of poverty in Guizhou Province, China. Furthermore, we quantitatively examined the effects of individual factors and their interactions on the incidence of poverty and explored the possible pathways through which the geo-environment influences rural poverty. The incidence of poverty in 2013 was used to represent the poverty depth in the baseline period (before TPA initiated). Due to the unprecedented poverty alleviation efforts and large scale of policies under TPA (2014–2020), the incidence of poverty has reduced rapidly in 2014–2020 and the spatial pattern of incidence of poverty has changed. Therefore, the incidence of poverty in 2013 can provide opportunity to enhance the understanding of how geo-environmental factors form rural poverty excluding the impact of TPA policies.




2. Materials and Methods


2.1. Study Area


Guizhou Province is located in the southwest of China. It spans the Wuling and Wumeng areas and includes rocky desertification areas of three provinces (Figure 1). According to the 2011 definition of poverty as a per capita annual net income less than 2300 yuan, in 2013, the rural poor population was 7.45 million in Guizhou Province and it had 65 poverty-stricken counties (districts), including 15 counties (districts) in the Wuling area, 10 counties (districts) in the Wumeng area and 40 counties (districts) in the rocky desertification regions of three provinces. Figure 2, Figure 3 and Figure 4 show the spatial distribution of per capita annual net income, terrain relief within each county, and main road within study area.



Guizhou Province is mainly mountainous and hilly, with diffused rocky desertification and low environmental carrying capacity and karst-exposed areas account for 61.92% of the total area of the province. The living environment is extremely poor [43]. Due to the hostile and ecologically fragile environment and underdeveloped infrastructure, Guizhou Province has become the region with the most extensive and deepest poverty [44]. New poverty standards and diversified poverty alleviation goals have placed higher demands on work to alleviate poverty in Guizhou Province. The characteristics of Guizhou Province have commonalities with other areas.




2.2. Materials


2.2.1. Selection of Covariates


Geo-environmental factors that were used in this study include topography, climate, water resources and land use (Table 1). In China, agricultural development is critical to poverty alleviation. Its contribution to poverty alleviation is four times that of secondary and tertiary industries [45]. The geo-environment plays an extremely important role in agricultural production, particularly in poor areas. Furthermore, topography, climatic conditions, water resources and land use type are significant in explaining the spatial patterns of poverty [46,47]. Additionally, the level of poverty is higher in locations with a larger slope (>4%) than in very flat areas [48]. Similarly, factors that influence agricultural production, including precipitation, useable water per capita, arable land area and per capita forest land, also have a significant impact on poverty [49,50,51]. Good agricultural conditions and increasing the amount of land resources have greatly increased the income of farmers [52]. The following provides a short description of the four covariates used in the present study:



(1) Topography: In view of the complex topography and undulating terrain of the Guizhou Province, elevation, slope and terrain relief were selected as indicators to characterize topography.



(2) Climate: Temperature, precipitation, frost-free period and other climatic indicators have an important impact on agricultural production and the correlation between them is strong. Annual average temperature and annual average precipitation were selected as indicators of climatic conditions.



(3) Water resources: Water resources have a direct and extensive impact on regional life and production. The river density was selected as an indicator of water resources.



(4) Land use: Land is the material basis of production and important for agricultural development. The per capita arable land area, percentage of effective irrigation on arable land and vegetation cover were selected to reflect the land use status of the study area.




2.2.2. Data


The data used in this study included the incidence of poverty, topographic, meteorological, water resources and land use data. The specific sources of the data were as follows:



Poverty incidence: The incidence of county-level poverty was obtained from the Statistical Yearbook of Guizhou Province (2013).



Topographic data: These data were derived from a digital elevation model (DEM) and calculated by ArcGIS. The DEM data were obtained from the Resource and Environmental Science Data Center of the Chinese Academy of Sciences (http://www.resdc.cn, accessed on 11 February 2018), with a spatial resolution of 90 m. The DEM was derived from Shuttle Radar Topography Mission (SRTM), which was obtained from 2000. Slope (°) was generated in ArcGIS. Terrain relief (m) was defined as the difference between maximum elevation within each county and minimum elevation within each county. The calculation formula is: TR = Emax − Emin, where TR refers to terrain relief, Emax and Emin refer to maximum and minimum elevation within each county, respectively.



Climatic data: Annual average temperature and annual average precipitation with a spatial resolution of 1000 m in 2013 were sourced from the Resource and Environmental Science Data Center of the Chinese Academy of Sciences (http://www.resdc.cn, accessed on 11 February 2018). These data were interpolated by using thin plate spline algorithm based on 2400 meteorological stations in China and implemented in ANUSPLIN software [53].



Water resource data: River network datasets were obtained from the Resource and Environmental Science Data Center of the Chinese Academy of Sciences (http://www.resdc.cn, accessed on 11 February 2018). This data were obtained from 2015. River density (km/km2) was defined as the ratio between the length of river within each county and the area of each county.



Land use data: Per capita arable land area (km2/person) and vegetation cover (%) were based on the Google Earth Engine platform and interpreted using the Landsat 8 remote sensing image (30 m) of 2013. The land use data were derived from the previous study [54]. Training samples was created through visual interpretation by using high-resolution Google Earth images. Random forest was used as a classifier to classify Landsat 8 remote sensing images. Per capital arable land area was defined as the ratio between the area of arable land and the area of county. Vegetation cover was defined as the proportion of vegetation within each county.



The percentage of effective irrigation on arable land was derived from the Statistical Yearbook of Guizhou Province (2013) and Statistical Communique of National Economic and Social Development of Each County in 2013.



All the data within study area were extracted in ArcGIS. Average values of data within each county were calculated by using zonal statistics function in ArcGIS.





2.3. Methods


2.3.1. Spatial Autocorrelation Analysis


Spatial autocorrelation analysis is based on Tobler’s first law of geography [55,56], for which the correlation of a specific variable is analyzed at different locations. It encompasses global and local autocorrelation analysis. In this study, global autocorrelation was used to explore the spatial distribution pattern of poverty in the study area. The global Moran’s I was used to explore the spatial autocorrelation of the incidence of county-level poverty. Moran’s I was calculated as follows:


  I =  n   S 0    ×     ∑  i n    ∑  j n   w  i j    (   x i  −  x ¯   )   (   x j  −  x ¯   )      ∑  i n     (   x i  −  x ¯   )   2     



(1)




where n is the number of counties,    x i    and    x j    are the incidence of poverty of each county,   x ¯   is the mean incidence of poverty,    w  i j     is the spatial weight matrix and    S 0    is the sum of the spatial weight matrices. The significance test of Moran’s I value is typically measured by the Z score and the formula is as follows:


  Z =   1 − E  [ I ]      V A R  [ I ]       



(2)




where   E  [ I ]    is the theoretical expectation and   V A R  [ I ]    is the theoretical variance. When the Z score exceeds zero, the observed values are spatially agglomerated, that is, there is positive spatial autocorrelation: when the Z score is less than zero, the observed values are spatially dispersed, that is, there is negative spatial autocorrelation and when the Z score is equal to zero, the observed values are randomly distributed.



The global Moran’s I only indicates whether the incidence of poverty is spatially autocorrelated and does not reflect the specific location and characteristics of spatial clustering [57]. Therefore, in this study, local Moran’s I was used to identify local regions where a cluster of high or low rates of poverty occur [58]. Queen contiguity weight matrix was used and was created in GeoDa software (https://spatial.uchicago.edu/geoda, accessed on 11 February 2018).




2.3.2. Geo-Detector Model


The geo-detector model is a spatial statistical model that is used to quantify spatially stratified heterogeneity of the incidence of poverty and to identify the underlying causes [42]. It was first applied to health risk assessments [40]. The geo-detector plays an important role in investigating mechanisms within a complex geo-environment. Factor detection can test for spatial heterogeneity of univariate variables and interactor detection can test the influence of different factors on the response variable [41]. Factor detection and interaction detection were implemented by Geodetector software (http://geodetector.cn, accessed on 11 February 2018).



Factor detection: To detect the extent to which a factor explains a change, the incidence of poverty in the study area was defined as the response variable and the selected geo-environment variables were defined as explanatory variables. First, the natural breakpoint method was used to discretize the explanatory variables. It divides each explanatory variable into six strata, which converts them from numeric values to categories and then acquires the q value of each factor on the incidence of poverty:


  q = 1 −     ∑   h = 1  L   N h   σ h 2    N  σ 2    = 1 −   S S W   S S T    



(3)






  S S W =   ∑   h = 1  L   N h   σ h 2  ,   S S T = N  σ 2   



(4)




where h = 1, ..., L is the strata of variable Y or factor X;    N h    and N are the number of cells in layer h and the entire region, respectively;    σ h 2    and    σ 2    are the variance of Y of layer h and the entire zone, respectively; and SSW and SST are the sum of intra-layer squares and the total number of squares, respectively. The range of q is [0, 1] and the greater the value, the stronger the explanatory power in explaining the incidence of poverty.



Interaction detection: Interaction detection can quantitatively measure the power of interacting factors in explaining the incidence of poverty and clarifies the mode of action. First, the explanatory forces q(xa) and q(xb) of the two factors xa and xb for Y were calculated and then q(xa ∩ xb), when xa and xb interact, was calculated. q(xa), q(xb) and q(xa ∩ xb), were compared to assess whether the influence of the two-factor interaction was stronger or weaker than the single factor effect. Table 2 shows the two-factor interaction relationships.






3. Results


3.1. Spatial Pattern of County-Level Poverty


Figure 5 shows the spatial distribution of the incidence of poverty in Guizhou Province in 2013. There are clear regional differences in the incidence of poverty across the study area. The spatial distribution map shows that the incidence of poverty in the south is larger than in the north and the spatial difference of the east and west are larger than that of the central region. Areas with the deepest poverty are concentrated in the southern region. The incidence of poverty ranged from 30.1% to 37.3%, poor counties with an incidence of poverty between 26.2% and 30% are dispersed and counties with an incidence of poverty ranging from 21.7% to 26.1% are relatively concentrated in the northwest and northeast. Areas with low poverty levels are mainly located at the centre and northeast and the incidence of poverty is between 15–21.6% and 9.3–14.9%, respectively.



The global Moran’s I was used to test the spatial autocorrelation of the incidence of poverty in 2013. The results demonstrated that Moran’s I was 0.11 and the corresponding Z score was 4.82. This indicates that there was a positive spatial autocorrelation in the incidence of poverty, that is, the incidence of poverty in a county is positively affected by neighboring counties. Local autocorrelation demonstrated that the areas of incidence of high–high poverty were concentrated in the southeast of Guizhou Province (Figure 6), mainly at the junction of Qiandongnan and Qiannan. Furthermore, the incidence of poverty in this type of area and neighboring areas, was relatively high and it is relatively difficult to eradicate poverty. Areas with low–low incidence of poverty are distributed in the northeast of Guizhou Province, mainly in Zunyi. The incidence of poverty in this type of area and neighboring areas was relatively low and it is less difficult to eradicate poverty. A total of 9 (13.8%) high–high clusters and 5 (7%) low–low clusters were detected by local Moran’s I.




3.2. Analysis of Influencing Factors


3.2.1. Identification of Dominant Factors of the Spatial Pattern of County-Level Poverty


First, the nine covariates were detected and analyzed in relation to incidence of poverty using the geo-detector model. Figure 7 shows the factor detection results. The percentage of effective irrigation on arable land, topographic slope, elevation and vegetation cover had the highest q values: 0.306, 0.182, 0.161 and 0.158, respectively. This indicates that these four factors have the strongest impact on the incidence of poverty.



Percentage of effective irrigation on arable land: The percentage of effective irrigation on arable land can be used as a measure of the degree of regional water conservation and the stability of agricultural production. It is also an important indicator that characterizes the drought resistance of cultivated land. Figure 8a shows that the percentage of effective irrigation on arable land is spatially distributed, with a smaller percentage in the south than the north. The southern regions also have a higher slope, so the irrigation facilities are not great because of the high cost of infrastructure construction, including water conservation. Water resources are also easily lost when irrigation is conducted. As a result, the incidence of poverty in this area is relatively high. The slope in the northern region is relatively low, which is an advantage in terms of constructing water conservation facilities. Thus, water use efficiency is high in this region, which benefits agricultural production and increases per capita income. Consequently, the incidence of poverty is relatively low.



Slope: Topographic slope is an important indicator that reflects topography and geomorphology of the area. It also has different effects on regional hydrothermal conditions, soil and biology, thus, affecting agricultural production and production methods and infrastructure, including transportation, which thereby affect the regional economic development. Figure 8b shows that the slope of the study area is high in the surrounding area and low in the center, consistent with the spatial distribution of the incidence of poverty (Figure 5). The eastern, western and southern regions of the study area have a large slope, which leads to poor agricultural production and output. The cost of infrastructure construction is also high and external communication is difficult, further limiting the income of local farmers. As a result, the incidence of poverty is high in this region. The central region of the study area has a low slope, so conditions for development are better and farmers have more channels to increase their income. Therefore, the incidence of poverty is lower.



Elevation: Elevation is detected as another important topographic indicator to rural poverty. Elevation reflects the land availability and quality of the cultivated land and thus indirectly affect the wealth creation in poor areas. Figure 8c shows that the spatial pattern of the elevation of the study area is high in the west and low in the east. Elevation is increased from east to west. However, the spatial distribution of the incidence of poverty is partially consistent with elevation (Figure 8), suggesting that this has impacts of other indicators on poverty. Generally, the spatial pattern of elevation is similar to the percentage of effective irrigation on arable land, indicating that elevation can affect agricultural production efficiency and thus affect local farmers’ income.



Vegetation cover: Vegetation cover is an important indicator that reflects forestry resources in a region and can also reflect the ecological environment of the region. Figure 8d shows that areas with high vegetation cover occupy most of the counties in the study area and counties with low vegetation cover are scattered in the central and northern regions. Though vegetation cover is higher in southern and eastern areas, it belongs to a typical karst landform, with extensive rocky desertification and low environmental carrying capacity. Hence, the restored grassland and woodland have poor stability and weak resilience. However, the construction of ecological projects, including natural forest protection and shelterbelt construction, is emphasized in these areas, which limits the development of forest land resources. Overall, this type of resource cannot increase the income of local residents. As a result, the incidence of poverty is high in this region. The areas with less vegetation cover, in central and northern regions, have smaller slopes; hence, they can rely on their topographical advantages to develop the economy and raise income levels. Therefore, the incidence of poverty in these regions is relatively low.



From the above analysis, the topographic slope in the southeastern region of the study area is large and the percentage of effective irrigation on arable land is relatively low. These make agricultural production unstable and food production low; hence, it is difficult for farmers to increase their income. Despite the high degree of vegetation cover in this region, these resource advantages cannot be translated into economic advantages because of natural conditions and policy factors. As a result, the incidence of high–high poverty counties is concentrated in the southeast of the study area. In the northeastern part of the study area, although some counties have a high slope and are not suitable for large-scale crop production, the local area is an old revolutionary area. Therefore, tourism and other industries can be developed according to local characteristics and income-increasing channels can be expanded. Therefore, areas with incidences of low–low poverty are distributed in the northeast.




3.2.2. Interaction Effects of the Dominant Factors on the Incidence of Poverty


Table 3 illustrates the two-factor interaction effects on the incidence of poverty. These results suggest that the interactive effect is greater than the importance of a single factor and the interaction of each factor is that of non-linear enhancement. For example, slope non-linearly enhanced the effect of the percentage of effective irrigation on arable land (q = 0.77) on the incidence of poverty.






4. Discussion


4.1. Effects of the Geo-Environment on Poverty


The geo-environment significantly impacts the economic development of a region, particularly for primary industries [59,60,61]. According to the 2012 China Statistical Yearbook, poverty-stricken counties have a small amount arable land and a high proportion of their GDP is derived from primary industries. Therefore, agriculture is vital to the development of poverty-stricken areas and the development of agriculture depends heavily on the local geo-environment. Thus, the geo-environment is the most fundamental factor [62].



We found that the percentage of effective irrigation on arable land, topographic slope, elevation and vegetation cover are the dominant factors that affect the spatial pattern of poverty in the study area. This is consistent with a previous study, but the difference is that the previous study considered socio-economic factors [43]. Studies of factors that affect rural poverty have also demonstrated that the slope and agricultural water resources (irrigation and water consumption per acre) both contribute to rural poverty. Similar to slope, elevation is another important topographic indicator that reflects the land availability and quality of the cultivated land and thus indirectly affect the income of local farmers in the study area. In addition, the impact of vegetation cover on poverty varies from region-to-region. Guizhou Province is located in typical Karst areas with rocky desertification and serious soil erosion problem [13]. Vegetation plays an important role in this region and provides natural resources, ecosystem services and basic living conditions for local people [36]. The fraction of vegetation cover (e.g., forest and woodland) derived from satellite image was found associated with poverty [63]. In addition, income from woodland and non-timber forest products can contribute a large share of total household income [18]. These studies did not consider the impact of two-factor interactions on poverty, but we found that when the slope, percentage of effective irrigation on arable land and vegetation cover interact, the impact on the incidence of poverty is greater than the impact of individual factors. In particular, when the slope and percentage of effective irrigation on arable land interact, the q value is 0.77. Slope and irrigation conditions are critical to agricultural production and development in poor areas depends on primary industries. Therefore, during agricultural production, it is necessary to adjust agricultural processes according to different slopes and to construct water conservation facilities.




4.2. Mechanisms of How Dominant Factors Influence the Spatial Pattern of Poverty


The mechanism of action of dominant factors on the spatial pattern of poverty in Guizhou Province is summarized, based on previous research on poverty and poverty alleviation [15]. The percentage of effective irrigation on arable land, topographic slope, elevation and vegetation cover produce different results through different pathways. The topographic slope affects planting methods and the levels of agricultural mechanization. The higher the slope, the fewer the arable land resources and this limits the development of large-scale agricultural production. The percentage of effective irrigation on arable land is closely related to water conservation and terrain. The cost of constructing water conservation facilities in areas with a complex topography is high and unfavorable irrigation conditions result in low agricultural output. Vegetation resources cannot be well used by local residents because the study area has a serious problem of rocky desertification and it is an ecological barrier of the Pearl River. Furthermore, there are interactions between dominant factors, for example, slope and irrigation interactions, which aggravate their impact on agricultural development. Because of the different ways and effects of these factors on poverty, it leads to spatial patterns of poverty in Guizhou Province. If poverty is influenced by a single dominant factor, then its mechanism can easily be delineated [64,65,66,67]. However, in reality, the occurrence of poverty is often the result of a variety of factors; thus, it is necessary to pay attention to the combination of different measures to implement a comprehensive policy of poverty alleviation.




4.3. Implications for Policies for Poverty Alleviation


Poverty exhibits a clear spatial pattern and a universal policy for the alleviation of poverty has certain limitations. Therefore, it is necessary to implement measures to alleviate poverty tailored to local conditions. Because of the observed spatial pattern of the incidence of poverty in Guizhou Province and the analysis of the dominant factors, we offer the following recommendations:



Because of the spatial pattern of the incidence of poverty in Guizhou Province, it is necessary to implement measures to alleviate poverty tailored to local conditions. The spatial pattern indicates that the degree of poverty in the south is higher than in the north, mainly because the rocky desertification area is large, the soil is barren and the carrying capacity of resources and the environment is low in the south. Therefore, it is necessary to strengthen the construction of water storage and irrigation facilities to control the effect of rocky desertification. Furthermore, implementation of an ecological compensation mechanism and the transformation of ecological benefits into economic benefits, are required to alleviate poverty. Additionally, a relocation policy should be implemented for areas that are not suitable for human habitation and development. For the northern regions with a low incidence of poverty, the overall strategies for the alleviation of poverty are similar to those of targeted poverty alleviation: development of production and institution buildings, including strengthening infrastructure construction, improving the social security system and developing characteristic industries.



The findings in this study demonstrate that the percentage of effective irrigation on arable land, topographic slope, elevation and vegetation cover are the dominant factors that affect the spatial pattern of poverty. Therefore, in the process of alleviating poverty and economic development, we should pay attention to the impact of such factors. Based on the poverty scenario revealed in the study area, first, agricultural structures should be optimized and land use patterns should be converted, according to different degrees of slope, to prevent soil erosion. Additionally, it is necessary to strengthen the construction of water storage facilities, speed-up the construction of field irrigation projects and improve the utilization efficiency of karst groundwater. Moreover, strengthening the protection of vegetation, guiding the intensive use of forest land, implementing a strict management system for land use, improving the ecological compensation mechanism and adding public welfare posts, such as forest protection gardens, are necessary. Finally, considering that the impact of the interaction of factors on the incidence of poverty will be deepened, it is necessary to focus on matching different measures to alleviate poverty in order to improve the effectiveness of poverty alleviation.




4.4. Limitations


Although this study has examined the impact of the geo-environment on the spatial pattern of poverty, it was based on county-level administrative units. Future research could adopt finer scales (e.g., towns or villages) and provide a theoretical basis for the formulation of poverty alleviation measures across multiple scales. Additionally, geo-environmental and socioeconomic factors are the most direct factors affecting poverty, but geo-environmental factors play a restrictive role in the distribution of economic factors, to a certain extent. Some studies examined the impacts of types of crops (legume and cereal crop) [68], type of property (value of farm equipment) [69], aridity on rural poverty [70]. However, these variables are not available in this study. Future study could obtain these data from household survey and collect more climatic information (e.g., aridity) to improve analyses. In the future, studies should consider to what extent the development of poverty-stricken areas can overcome the limitations of the geo-environment and how the geo-environment can be used for its potential economic value while protecting the ecological environment, thereby changing the impact of the geo-environment on poverty.





5. Conclusions


In this study, spatial autocorrelation was used to explore spatial patterns of poverty. The dominant factors explaining the incidence of poverty were identified using a geo-detector model. Based on this analysis, we draw the following conclusions: (1) The incidence of poverty in the study area was larger in the south than the north and larger in eastern and western regions compared to the central region. (2) County-level incidences of poverty exhibited a strong positive spatial autocorrelation. Areas of high–high incidences of poverty were concentrated in the southwest of Guizhou Province and areas of low–low incidences of poverty were mainly in the northeast. (3) Percentage of effective irrigation on arable land, topographic slope, elevation and vegetation cover, were the dominant factors that explained the spatial pattern of poverty in the study area. The influence of two-factor interactions on the incidence of poverty was greater than the influence of each individual factor. Based on these results, countermeasures and suggestions for targeted poverty alleviation were proposed, providing important and significant reference for implementing a poverty alleviation strategy in other poverty-stricken areas in China.
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Figure 1. Location of the study area. (a) Spatial distribution of poverty-stricken areas. (b) Location of Guizhou Province and its neighboring poverty-stricken areas. 
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Figure 2. Spatial distribution of county-level per capita annual net income. 
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Figure 3. Spatial distribution of terrain relief within each county. 
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Figure 4. Spatial distribution of main road within study area. 
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Figure 5. Spatial distribution of county-level poverty incidence in Guizhou Province in 2013. 
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Figure 6. Local autocorrelation of county-level poverty incidence in Guizhou Province. 
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Figure 7. Factor detector on the poverty incidence. Note: irr: percentage of effective irrigation on arable land; slo: slope; ele: elevation; veg: vegetation cover; tem: annual average temperature; pre: annual average precipitation; riv: river density; ter: terrain relief; ara: per capita arable land area. 
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Figure 8. Distribution of dominant factors in Guizhou Province: (a) percentage of effective irrigation on arable land; (b) slope; (c) elevation; (d) vegetation cover. The graduation of the legends is consistent with discretization results of original explanatory variables. 
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Table 1. Description of geo-environmental covariates.






Table 1. Description of geo-environmental covariates.











	Topography
	Climate
	Water Resources
	Land Use





	Elevation
	Annual average temperature
	River density
	Vegetation cover



	Slope
	Annual average precipitation
	
	Per capita arable land area



	Terrain relief
	
	
	Percentage of effective irrigation on arable land
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Table 2. Types of interaction between two covariates.






Table 2. Types of interaction between two covariates.





	Graphical Representation
	Description
	Interaction





	 [image: Ijgi 10 00270 i001]
	q(xa ∩ xb) < Min(q(xa), q(xb))
	Weaken, nonlinear



	 [image: Ijgi 10 00270 i002]
	Min(q(xa), q(xb)) < q(xa ∩ xb) < Max(q(xa), q(xb))
	Weaken, univaraite



	 [image: Ijgi 10 00270 i003]
	q(xa ∩ xb) > Max(q(xa), q(xb))
	Enhance, bivariate



	 [image: Ijgi 10 00270 i004]
	q(xa ∩ xb) = q(xa) + q(xb)
	Independent



	 [image: Ijgi 10 00270 i005]
	q(xa ∩ xb) > q(xa) + q(xb)
	Enhance, nonlinear







Note:  [image: Ijgi 10 00270 i006] Min(q(xa), q(xb));  [image: Ijgi 10 00270 i007] Max(q(xa), q(xb));  [image: Ijgi 10 00270 i008] q(xa) + q(xb);  [image: Ijgi 10 00270 i009] q(xa ∩ xb).
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Table 3. Interaction effects of dominant factors on poverty incidence.
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	xa ∩ xb
	q Value
	Description
	Interaction





	slope ∩ irrigation
	0.77
	q(slope ∩ irrigation) > q(slope) + q(irrigation)
	Enhance, nonlinear



	slope ∩ vegetation
	0.44
	q(slope ∩ vegetation) > q(slope) + q(vegetation)
	Enhance, nonlinear



	irrigation ∩ vegetation
	0.62
	q(irrigation ∩ vegetation) > q(irrigation) + q(vegetation)
	Enhance, nonlinear
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