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Abstract

:

Rice yield is essential to global food security under increasingly frequent and severe climate change events. Spatial analysis of rice yields becomes more critical for regional action to ensure yields and reduce climate impacts. However, the understanding of the spatially varied geographical, climate, soil, and environmental factors of rice yields needs to be improved, leading to potentially biased local rice yield prediction and responses to climate change. This study develops a spatial machine learning-based approach that integrates machine learning and spatial stratified heterogeneity models to identify the determinants and spatial interactions of rice yields in the main rice-producing areas of China, the world’s largest rice-producing nation. A series of satellite remote sensing-derived variables are collected to characterize varied geographical, climate, soil, and environmental conditions and explain the spatial disparities of rice yields. The first step is to explore the spatial clustering patterns of the rice yield distributions using spatially global and local autocorrelation models. Next, a Geographically Optimal Zones-based Heterogeneity (GOZH) model, which integrates spatial stratified heterogeneity models and machine learning, is employed to explore the power of determinants (PD) of individual spatial variables in influencing the spatial disparities of rice yields. Third, geographically optimal zones are identified with the machine learning-derived optimal spatial overlay of multiple geographical variables. Finally, the overall PD of various variables affecting rice yield distributions is calculated using the multiple variables-determined geographically optimal zones and the GOZH model. The comparison between the developed spatial machine learning-based approach and previous related models demonstrates that the GOZH model is an effective and robust approach for identifying the spatial determinants and their spatial interactions with rice yields. The identified spatial determinants and their interactions are essential for enhancing regional agricultural management practices and optimizing resource allocation within diverse main rice-producing regions. The comprehensive understanding of the spatial determinants and heterogeneity of rice yields of this study has a broad impact on agricultural strategies and food security.
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1. Introduction


Rice yield is crucial for global food security and a key indicator of agricultural and environmental sustainability [1,2]. Efficient rice cultivation is necessary due to the expanding global population and climate change uncertainty, which threatens conventional agricultural methods [3]. However, there are essential challenges in examining the spatial disparity of rice yield and understanding the factors influencing this spatial disparity [4]. Spatial analysis provides effective approaches and tools for describing geographical patterns and their underlying causes, which is crucial for solving this challenge [5]. By exploring the intricate geographical factors of rice production, we can better understand the diverse aspects that impact crop yields [6]. This study aims to examine the geographical variables that impact rice productivity within the framework of an intricate agricultural terrain. The examination extensively examines China as a prominent case study. By examining the spatial factors affecting rice output, we not only fulfil the critical requirement for well-informed decision-making in agriculture but also provide valuable contributions to sustainable food production and global food security [7].



The variations in rice yield among different regions are not only a subject of agricultural importance but also have broader consequences for socioeconomic progress, environmental conservation, and sustainable development [8]. Spatial analysis, with its ability to examine the complex interaction of spatial and environmental conditions, is a crucial tool for understanding the causes of these disparities [9]. We can identify the exact variables contributing to productivity variances by examining the geographical measurements of rice yield disparities [10]. These factors may include variations in climate, soil qualities, land use patterns, or other geographical components [11]. These valuable observations are crucial for implementing specific actions and developing strategies by considering the rice production differences between locations [12]. In addition, spatial analysis provides the ability to predict the future effects of climate change, urbanization, and other dynamic processes on rice production, allowing for proactive adaptation methods [13]. This study explores the complex field of spatial factor analysis, investigating its importance in understanding the complex spatial disparities in rice yield. It aims to provide valuable insights to improve agricultural productivity, support sustainable development, and tackle current challenges.



A wide range of approaches has been used in spatial factor analysis to understand the complex relationships between rice yield and geographical variables. Regression analysis, a conventional statistical method, has been the primary tool for investigating spatial factors [14]. It enables a practical model and measures the impact of different factors on spatial patterns. In addition, machine learning algorithms have become more prominent as datasets become more intricate and extensive [15]. Deep learning is an essential emerging technology for more accurate prediction of rice yield, as explained by cases in Indonesia [16] and China [17]. These algorithms can handle large amounts of geographical data and reveal intricate patterns and nonlinear relationships [18]. Simultaneously, spatial statistics and geospatial approaches have become essential for capturing spatial autocorrelation, heterogeneity, and other geographical characteristics [19]. These techniques, which include spatial autocorrelation tests and geostatistical modelling, allow for considering geographical dependencies and offering more precise evaluations of the influence of spatial factors on rice yield [20]. Incorporating these methodologies, encompassing traditional statistical methods, state-of-the-art machine learning algorithms, and spatial techniques, provides recent studies with powerful tools for analyzing spatial factors [21]. This enables the revealing of concealed patterns, generates reliable predictions, and supports decision-making based on empirical evidence across various domains.



However, further advancements are required in the current methodologies employed to examine spatial factors. First, the hierarchical configuration and characteristics of geographical heterogeneity are neglected [20]. In order to avoid oversimplified or deceptive observations, the latest geospatial methods increasingly need to account for the inherent disparities in spatial factors among different geographical zones or locations [22,23]. In addition, evaluating individual variables neglects the interactions and combinations of factors from a spatial perspective [24]. Nevertheless, actual patterns are often determined by the interaction of various spatial elements [25]. A complete understanding of the complex spatial relationships that govern numerous phenomena will result from completing these gaps. Geographically stratified heterogeneity and the intricate interactions of associated factors can enable rice yield studies to develop more informed policies and decisions [26,27,28].



Remote sensing technology has become a transformative tool with multiple advantages in studying the geographical factors that affect rice yield [29]. Remote sensing allows studies to thoroughly evaluate the dynamic factors impacting rice yield by offering high-quality and up-to-date data on several environmental parameters [30]. Remote sensing images can accurately monitor the rice planting areas, such as through the red edge band of Gaofen-6 (GF-6) satellite [31]. Remote Sensing also provides a comprehensive perspective on the complex geographical factors that affect rice yield, including monitoring changes in land cover, assessing crop health, measuring soil moisture fluctuations, and observing climate patterns [32]. Furthermore, remote sensing data can be smoothly combined with geospatial and statistical techniques, enabling the development of reliable predictive models and spatial analyses that consider intricate interconnections and geographical variability [33]. This technique also enables efficient and economical data collecting, facilitating the monitoring of extensive rice-growing regions [34]. In summary, the ability of remote sensing to offer prompt and comprehensive data over vast areas enables researchers and decision-makers to make better-informed decisions, optimize the allocation of resources, and conduct focused interventions to improve rice production and food security [35].



Moreover, the studies on geographical determinants affecting rice output are of great significance in the specific context of China [1,5,36]. China is the world’s largest rice producer, with an annual yield consistently exceeding 200 million tons. This production represents approximately 28% of the global rice output, which was around 755 million tons in the year 2021. Rice cultivation plays a crucial role in the nation’s food and is a fundamental pillar of its agricultural economy, and it faces critical challenges such as global climate change [37]. To achieve food security and safeguard the livelihoods of millions of farmers, it is crucial to comprehend the factors that affect rice yield, given the task of feeding a population exceeding one billion people [38]. The geographical terrain of China is extensive and varied, with a diverse range of climates, soil types, and land-use patterns [39]. This leads to significant differences in rice production across different areas [40]. Policymakers, agricultural specialists, and farmers can use practical spatial analysis to customize policies and interventions for specific regions, thereby maximizing crop yields and efficiently allocating resources [41]. In addition, as China deals with the difficulties of urbanization, environmental deterioration, and climate change, spatial analysis offers a way to adjust and create new methods for rice farming [42]. This promotes sustainability and the ability to withstand changing conditions [3,43]. Overall, examining the spatial determinants affecting rice output in China is crucial for ensuring the country’s food security and the sustainability of its agriculture and environment [4].



This study employs a Geographically Optimal Zones-based Heterogeneity (GOZH) model for identifying spatial determinants of rice yield in the principal rice-producing regions in China, including Hubei, Hunan, Anhui, and Jiangxi Provinces. GOZH is an effective spatial machine learning approach for identifying the power of determinants based on the spatial stratified heterogeneity and machine learning-based optimization of spatial stratification [22,28,44]. The GOZH-based spatial determinant exploration of rice yield includes the following steps. First, we employ spatial global and local autocorrelation models to uncover spatial clustering patterns within rice yield data, shedding light on localized variations and identifying potential hotspots and coldspots. Subsequently, we delve into the examination of individual spatial variables using the innovative GOZH model, enabling us to quantify the impact of individual factors on rice yield. Furthermore, we introduce a novel approach that combines multiple spatial variables and machine learning techniques to identify geographically optimal zones, revealing nuanced interactions and interdependencies among factors. We assess the relative influence and power of determinants by applying the GOZH model to the amalgamated factors, offering a comprehensive understanding of their combined effect on rice yield. Finally, we validate our models by comparing the results with the optimal parameters-based geographically detectors (OPGD) model [45], ensuring the robustness and accuracy of our spatial factor analysis. By following this systematic methodology, we aim to advance our knowledge of the spatial determinants of rice yield in China and provide actionable insights for policymakers, researchers, and practitioners to optimize rice production practices and bolster food security in this vital agricultural landscape.




2. Study Area and Data


2.1. Study Area and Rice Yield Data


The study region comprises four principal rice-producing provinces in China: Hubei, Hunan, Anhui, and Jiangxi. Data on county-level rice production in 2020 in the four provinces are collected from the respective provincial survey yearbooks [46,47,48,49]. Figure 1 shows the spatial distribution and statistics of rice yield in these principal rice-producing regions. These provinces comprise a substantial part of the country’s rice production [50,51,52,53]. These provinces play a crucial role in China’s agricultural environment as they are the prominent locations for rice production, supported by various variables. First, their favorable climatic conditions, characterized by abundant sunlight and optimal temperatures for rice production [3], make them highly favorable for paddy rice farming. Moreover, their advantageous geographical positioning in central and southern China grants them convenient access to ample water resources, such as many rivers and lakes, essential for rice cultivation [54].



Moreover, these regions possess a profound historical heritage of rice agriculture, characterized by centuries of conventional farming techniques transmitted throughout generations [55]. The vast amount of knowledge and experience gathered has dramatically enhanced the efficiency of rice farming methods, leading to consistently impressive crop yields. These locations have extensive areas of land suitable for growing crops, particularly rice. This allows for the establishment of large-scale rice farms to produce various rice to meet different market needs [56]. The highly advanced agricultural infrastructure, characterized by a vast system of irrigation canals and state-of-the-art farming equipment, enhances the efficiency of rice production [57].



The four provinces collectively accounted for approximately 38.3% of China’s total rice yield in 2020, with Hunan leading the way at 26.39 million tons, followed closely by Jiangxi with 20.51 million tons, Hubei with 18.64 million tons, and Anhui with 15.61 million tons [46,47,48,49]. Given their critical importance in rice production, these provinces are the study area for the comprehensive spatial factors analysis to enhance our understanding of the determinants influencing rice yield in this critical agricultural landscape.




2.2. Explanatory Variables Data


The potential variables for explaining the spatial disparity of rice yield are classified into four categories: geographical, climate, soil, and vegetation and environmental variables. Table 1 shows the variables collected for explaining the spatial distribution of rice yield in the principal rice-producing regions. Figure 2 shows the spatial distributions of potential factors influencing the rice yield. All the explanatory variables data have the same spatial and temporal coverages with the rice yield data. The explanatory variables are calculated to the same spatial unit with that of the rice yield.



The geographical variables considered in this study include elevation, slope, and aspect, critical components in understanding the spatial determinants of rice yield. Elevation data were sourced from the ASTER Global Digital Elevation Model V002 [58], available at https://asterweb.jpl.nasa.gov/GDEM.asp (accessed on 20 December 2023). This high-resolution digital elevation model offers comprehensive coverage of terrain elevation, enabling the characterization of landforms and elevation differences across the study area. Slope, a measure of the steepness or inclination of the terrain, was derived from this elevation data, providing insights into the topographical variations that may influence rice cultivation practices. Aspect, which describes the orientation of land surfaces about cardinal directions, was also derived from the same dataset. These geographical variables, acquired from the ASTER Global Digital Elevation Model, serve as foundational components in our spatial factors analysis, aiding in exploring the topographical influences on rice yield across the study area.



The climate variables used in the analysis represent a comprehensive set of meteorological parameters essential for a holistic understanding of the spatial determinants of rice yield. These variables encompass temperature, precipitation, wind speed, relative humidity, surface solar radiation, and sunshine duration. Temperature, sourced from the Copernicus Climate Data Store’s ERA5-Land Monthly Means dataset (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means (accessed on 20 December 2023)) [59] and measured at a standard height of 2 m above the Earth’s surface, serves as a fundamental indicator of thermal conditions, influencing rice growth stages. Precipitation data from the same dataset, encompassing both liquid and frozen forms of water, provide vital insights into water supply for rice cultivation. Surface net solar radiation, wind speed and direction (represented by the 10 m u-component and 10 m v-component of wind), relative humidity, and sunshine duration, all obtained from the Copernicus Climate Data Store’s ERA5-Land Monthly Means dataset, contribute to our analysis by illuminating energy availability, atmospheric circulation patterns, water balance, and sunlight influences on rice crops. These variables offer a comprehensive environmental context, allowing us to explore the intricate relationships between meteorological conditions and rice yield variations.



The soil variables include essential parameters that provide insights into the soil conditions affecting rice yield. The soil-related variables include soil pH, soil carbon, and soil moisture. Soil pH, measured at a depth of 10 cm in H2O, is a vital indicator of soil acidity or alkalinity, which can profoundly impact nutrient availability and root health. Soil Carbon Content, also measured at a 10-cm depth, informs us about the soil’s organic carbon content, which plays a central role in soil fertility and microbial activity. Soil moisture, measured at 10 cm depth with a focus on water content at 33 kPa (field capacity), offers critical information on soil water availability to rice plants during their growth stages. These soil variables were sourced from a reputable data repository [60], specifically from the dataset available at https://doi.org/10.5281/zenodo.1475459 (accessed on 20 December 2023) and processed through Google Earth Engine [61], ensuring the integration of accurate and comprehensive soil data into our spatial factors analysis, which will aid in deciphering the intricate relationships between soil properties and rice yield variations across our study area.



The last category is the vegetation and environmental variables, contributing to an essential understanding of the factors influencing rice yield. The Normalized Difference Vegetation Index (NDVI) offers insights into vegetation density and health, with high values indicating robust vegetation cover [62]. NDVI data is sourced from the MOD13A1.061 Terra Vegetation Indices with the spatial resolution of 500 m https://doi.org/10.5067/MODIS/MOD13A1.061 (accessed on 20 December 2023). The Normalized Difference Water Index (NDWI) provides information about water content in vegetation and surrounding areas. Evapotranspiration (ET), representing the accumulated water evaporation from the Earth’s surface, informs us about water loss in the study regions [63,64]. The leaf area index (LAI) is divided into two components: LAI for high vegetation and LAI for low vegetation, which measure the green leaf area per unit of horizontal ground surface area for high and low vegetation types. LAI is sourced from the MCD15A3H.061 MODIS Leaf Area Index/FPAR product with the spatial resolution of 500 m https://doi.org/10.5067/MODIS/MCD15A3H.061 (accessed on 20 December 2023). Chlorophyll content is calculated based on NDVI, offering insights into plant health and vitality, and sourced from the GCOM-C/SGLI L3 Chlorophyll-a Concentration product [65]. Aerosol Optical Depth (AOD) data over land is retrieved in the MODIS Green band (0.55 μm), providing information on atmospheric aerosol concentrations, and sourced from the MCD19A2.061: Terra & Aqua MAIAC Land Aerosol Optical Depth product https://doi.org/https://lpdaac.usgs.gov/products/mcd19a2v061/ (accessed on 20 December 2023). Finally, the percentage of agricultural area quantifies the proportion of land dedicated to agricultural practices in the study area. These variables are sourced from a reputable data repository, contributing to a comprehensive environmental context for our spatial factors analysis. The variables are also essential for exploring the interactions between vegetation, environmental conditions, and land use patterns in rice yield variations.





3. Spatial Machine Learning Methods


This study employs a Geographically Optimal Zones-based Heterogeneity (GOZH) model for identifying spatial determinants of rice yield in the principal rice-producing regions in China, namely Hubei, Hunan, Anhui, and Jiangxi Provinces. The GOZH-based spatial determinant exploration of rice yield includes the following steps.



3.1. Spatial Clustering Analysis


In this first stage of our methodology, we employ spatial global and local autocorrelation models to uncover spatial clustering patterns within the rice yield data. The hotspot and coldspot regions of rice yield are explored using the local indicators of spatial association (LISA) [66]. The LISA maps displayed areas with high-high (H-H) hotspot regions and low-low (L-L) coldspot regions. Hotspot regions indicate a high rice yield in a specific spatial unit and a high rice yield in its surrounding units. Conversely, coldspot regions indicate the reverse. This analysis is crucial for identifying localized variations and pinpointing potential hotspots and coldspots in rice yield across the study area. By employing these autocorrelation models, we gain valuable insights into the spatial dynamics of rice production, highlighting regions with distinct production outcomes. This information is a foundation for subsequent steps in our analysis, enabling us to focus on areas with specific yield patterns.




3.2. Examination of Individual Spatial Variables


In the second step, we examine individual spatial variables using the innovative Geographically Optimal Zones-based Heterogeneity (GOZH) model. GOZH is an effective spatial machine learning approach for identifying the power of determinants based on the spatial stratified heterogeneity and machine learning-based optimization of spatial stratification [22,28,44]. GOZH has been successfully implemented in soil moisture analysis [22], carbon emissions analysis [67], and treatment seeking behavior studies [23]. Thus, this study employs the GOZH model to quantify the impact of individual factors on rice yield.



In the general geographical detector, the power of determinants (PD) is quantified using the following equation [28]:


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



(1)




where   S S W   is the sum of squares within geographical strata determined by explanatory variables,   S S T   is the sum of squares total of rice yield in the whole study area,     N   h     and     σ   h       are the number and standard deviation of rice yield within the   h  th (  h = 1 , … , m  ) geographical stratum, and   N   and     σ       are the number and standard deviation of rice yield in the whole study area.



GOZH improves the general geographical detector by using machine learning to derive the optimal geographical zones. The PD of GOZH is the maximum value of q and expressed as   Ω   value, which is calculated as [22]:


  Ω =   max  ⁡    q     = 1 −   m i n ⁡ ( S S W )   S S T    



(2)







We use an optimization process to determine geographical zones that maximize variance among zones while minimizing variance within them. This enables us to assess how individual factors influence rice production across the study area. By isolating the impact of each variable, we gain insights into their relative importance in shaping yield patterns.




3.3. Identifying Geographically Optimal Zones


Building on the insights gained from examining individual variables, the third step introduces a novel approach that combines multiple spatial variables and incorporates machine learning techniques. This step is a critical component of GOZH in identifying geographically optimal zones, revealing nuanced interactions and interdependencies among various factors influencing rice yield. This procedure resembles the classification and regression tree (CART) technique [68]. The entire process of spatial discretization can be represented as a binary tree structure. Using the GOZH model, we systematically analyze how these variables interact and contribute to spatial disparities in rice production. This comprehensive view of the combined effects of multiple determinants explains the complex dynamics shaping rice yield.




3.4. Assessing the Power of Determinants of Spatial Variable Interactions


We apply the GOZH model to the amalgamated set of factors identified in the previous step to assess the relative influence and power of determinants. This stage presents a comprehensive understanding of the combined effect of these determinants on rice yield. Importantly, it emphasizes which determinants hold the most significant sway over production outcomes and how their interactions contribute to spatial disparities. Through this analysis, we quantify the significance of each determinant within the context of the broader set of factors, shedding light on the critical drivers of rice yield variations.




3.5. Model Validation


In the final step of our methodology, we ensure the robustness and accuracy of our spatial factors analysis by validating our models. We achieve this by comparing our results with those obtained from the commonly used optimal parameters-based geographically detectors (OPGD) model, which is conducted using the R “GD” package [45]. This validation process is a crucial quality check, affirming our findings’ integrity and reinforcing our methodology’s credibility. By validating our models against a trusted benchmark, we enhance the reliability of our insights into the spatial determinants of rice yield.





4. Results


4.1. Spatial Patterns of Rice Yield


Figure 3 comprehensively depicts the spatial patterns and characteristics of rice yield within the principal rice-producing regions in our study area. Analyzing the spatial distribution of rice yield reveals valuable insights into the regional variations in production outcomes. The overall spatial global Moran’s I, a measure of spatial autocorrelation, is calculated at 0.226 (p < 0.01), indicating a statistically significant level of spatial clustering in rice yield. This highlights that rice production is not uniform across the study area but exhibits distinct spatial dependence patterns.



Hotspots and coldspots of rice yield are identified within the regions, offering a more nuanced understanding of where rice production excels and faces challenges. Specifically, the analysis reveals 34 counties designated as hotspots, collectively accounting for 7.9% of the study area, where rice yield is notably high. Conversely, 75 counties are classified as coldspots, comprising 17.5% of the study area, with low rice yield. The remaining 320 counties fall into the “Others” category, accounting for 74.6% of the study area.



To further elucidate the characteristics of the hotspot regions, we have classified them into four distinct regions based on their spatial distributions. This categorization allows us to explore the unique features and factors contributing to the high rice yield observed in these hotspot areas. The identified spatial patterns and characteristics provide a foundational framework for our spatial factors analysis, aiding in identifying key determinants influencing rice yield disparities across the study area.



Figure 4 shows detailed statistics of the spatial clusters of rice yield within the study area. The clusters are categorized into three distinct regions: hotspot, coldspot, and other regions, each representing counties with varying levels of rice yield.



In the hotspot regions, counties exhibit a notably higher average rice yield per county, with an average of 0.428 million tons. This region, characterized by its elevated rice production, is further subdivided into four subclusters denoted as “hotspot region 1”, “hotspot region 2”, “hotspot region 3”, and “hotspot region 4.” These subclusters showcase varying levels of rice yield within the broader hotspot region. For instance, “hotspot region 3” stands out with the highest average rice yield at 0.575 million tons per county, indicating areas of exceptional rice production within the hotspot cluster.



Conversely, the coldspot region comprises counties with a considerably lower average rice yield per county, averaging just 0.023 million tons. These counties face notable challenges in rice production, resulting in significantly lower yields than their counterparts in the “hotspot” region. Other regions include counties that do not fall into either the hotspot or coldspot regions and show an intermediate average rice yield of 0.206 million tons per county. These counties represent diverse production outcomes, showcasing the heterogeneity in rice yield across the study area.




4.2. Impacts of Individual Variables


Figure 5 provides a comprehensive overview of the individual determinants contributing to the spatial distribution of rice yield within our study area. These determinants are categorized into four groups, each representing a set of variables that impacts rice yield. The impact of these variables is quantified using Omega values, which indicate the relative importance of each determinant in shaping the spatial patterns of rice yield.



First, geographical factors significantly influence rice yield. Elevation (16.7%) is pivotal as it affects temperature and climate. Lower elevations typically provide milder climates, ideal for rice cultivation. Additionally, slope (18.1%) and aspect (15.5%) impact water runoff and soil erosion, directly affecting rice field conditions. Lower aerosol optical depth (AOD) (16.6%) signifies cleaner air, which can benefit rice plants by ensuring better air quality. Moreover, the percentage of agricultural area (15.4%) influences land use patterns, potentially impacting resource availability and competition.



In addition, climate variables are fundamental determinants of rice yield. Temperature (18.1%) is crucial for the rate of rice growth and development. The ideal temperature during the growing season is critical for maximizing yield. Precipitation (9.0%) ensures an adequate water supply for rice plants, especially during the growing season. Wind speed (8.5%), relative humidity (8.7%), solar radiation (8.8%), and sunshine duration (22.4%) collectively influence the microclimate, affecting rice photosynthesis, transpiration, and overall growth. Areas with favorable temperature and moisture conditions and abundant sunshine tend to exhibit higher rice yields.



Further, soil characteristics play a fundamental role in rice production. Soil pH (17.4%) is crucial as it impacts nutrient availability and microbial activity. Balanced soil pH is essential for optimal nutrient uptake by rice plants. Soil carbon content (17.5%) measures soil organic matter, enhancing soil structure and water-holding capacity. Adequate soil moisture (6.6%) is indispensable for rice cultivation, influencing plant hydration and nutrient absorption. Areas with suitable soil pH, high organic matter content, and consistent moisture levels will likely exhibit higher rice yields.



Finally, vegetation-related variables are crucial in determining rice yield. The Normalized Difference Vegetation Index (NDVI) (20.3%) is the most influential determinant, measuring the density and health of vegetation. Higher NDVI values indicate robust vegetation associated with increased photosynthetic activity and higher rice yields. Additionally, the Leaf Area Index for high and low vegetation contributes to understanding green leaf area per unit ground surface area, indicating vegetation coverage. Chlorophyll content (6.6%) is calculated based on NDVI, reflecting chlorophyll levels and photosynthetic potential. These factors collectively influence the spatial distribution of rice yield, highlighting the importance of lush and healthy vegetation in optimizing rice production.



These determinants collectively contribute to the spatial distribution of rice yield by influencing various aspects of rice growth and development. The relative importance of each determinant highlights their contributions, but it is essential to recognize that these factors often interact and operate synergistically. Understanding these relationships is crucial for optimizing rice production practices, as it allows for targeted interventions to enhance rice yield in specific regions while considering the unique combinations of determinants present in each area.




4.3. Geographically Optimal Zones


Figure 6 shows the geographically optimal zones identified to explain the spatial distribution of rice yield within the study area. These zones play a crucial role in characterizing regions with similar rice yield patterns, where the variables’ data exhibit similarity within each zone and differentiate among zones. By categorizing the study area into 21 distinct zones, this visualization comprehensively represents the geographical heterogeneity in rice yield. Each zone encapsulates specific combinations of geographical, climatic, soil-related, and vegetation/environmental factors that collectively influence rice production outcomes. Identifying these geographically optimal zones enables a more detailed understanding of the intricate interactions and interdependencies among determinants, offering valuable insights into optimizing rice cultivation practices and resource allocation in the critical agricultural landscape.




4.4. Interactions of Determinants on Spatial Disparities


The spatial interactions among determinants play a critical role in shaping the spatial disparities of rice yield, and this complexity is encapsulated in the analysis of the overall Power of Determinants (PD). In the context of the GOZH model, the overall PD represents the cumulative influence of various geographical, climatic, soil-related, and vegetation/environmental factors on the spatial distribution of rice yield. The striking finding is that the overall PD, as explored within the geographically optimal zones, accounts for a substantial 57.1%. This substantial contribution underscores these diverse determinants’ intricate interplay and synergistic effects. It demonstrates that the combined impact of these variables within their respective zones significantly shapes the spatial patterns of rice yield across the study area.




4.5. Model Evaluation


4.5.1. Model Evaluation for Individual Variables


Figure 7 compares the PD for individual variables derived from the Geographically Optimal Zones-based Heterogeneity (GOZH) and the Optimal Parameters-based Geographically Detectors (OPGD) models. This comparative analysis reveals the significant enhancements brought about by GOZH in elucidating the spatial determinants of rice yield. On average, GOZH improves spatial PD by approximately 8.2% compared to OPGD, with a maximum improvement of 19.9% and a minimum of 2.1%. This enhancement in exploring individual determinants varies across different variables, showcasing the versatility and efficacy of the GOZH model.



We find improvements in understanding their impact on rice yield by examining specific variables. For instance, variables like Aerosol Optical Depth (AOD) exhibit a substantial increase in PD when explored with GOZH, with an impressive improvement of 14.2%. This signifies that GOZH unveils previously overlooked nuances in the role of AOD in shaping rice yield patterns, offering a more comprehensive understanding of its influence. Similarly, variables such as Soil Carbon Content and Elevation experience significant improvements of 10.2% and 7.1%, respectively, under GOZH. These enhancements underscore the model’s ability to capture the intricate interactions between topographical and environmental factors and their collective impact on rice yield.



Furthermore, the GOZH model is particularly effective in refining the exploration of variables like Evapotranspiration (ET) and Agricultural Area Percentage, with substantial improvements of 7.8% and 8.8%, respectively. These improvements emphasize GOZH’s capacity to uncover the interplay between climatic and land-use factors, offering valuable insights into optimizing rice production practices.



In summary, Figure 7 demonstrates that GOZH consistently enhances the exploration of individual spatial determinants compared to OPGD, with improvements ranging from 2.1% to 19.9%. This highlights the model’s versatility in uncovering nuanced interactions among geographical, climatic, soil-related, and vegetation/environmental factors, ultimately contributing to a more robust and comprehensive understanding of the spatial determinants influencing rice yield.




4.5.2. Model Evaluation for Variable Interactions


In addition, comparing the benefits of the GOZH model with the OPGD model in examining variable interactions influencing rice yield reveals two significant advantages for GOZH. First, GOZH effectively explores the overall Power of Determinants (PD) by considering the spatial overlay of multiple variables simultaneously, while OPGD is limited to assessing interactions between pairs of variables. This fundamental improvement allows GOZH to capture complex synergies and dependencies among various geographical, climatic, soil-related, and vegetation/environmental factors, offering a more holistic perspective on their combined influence on rice yield.



Second, GOZH yields a substantial Overall Power of Determinants of 57.1%, surpassing the maximum PD observed in the interactions of two variables under OPGD, as illustrated in Figure 8. This notable difference underscores the enhanced ability of GOZH to unveil the collective impact of a broader set of determinants on rice yield. From a methodological perspective, these advantages stem from the systematic approach employed by GOZH, which progressively optimizes geographical zones and quantifies heterogeneity among these zones. By considering multiple variables simultaneously and within the context of geographically optimal zones, GOZH provides a comprehensive understanding of the intricate relationships and interdependencies among determinants. This methodological approach contributes to GOZH’s effectiveness in identifying the combined effects of diverse factors on rice yield, offering valuable insights for optimizing rice cultivation practices and promoting food security in the study area.






5. Discussion


This study employs an innovative geospatial machine learning approach in identifying spatial determinants and their interactions in understanding the spatial determinants of rice yield in China. It provides insights into the factors shaping rice production outcomes in the study area. It explores the potential applications of these findings in agriculture, research, and policy development from the following aspects.



First, the results of this study reveal that rice yield in China is influenced by a complex interplay of geographical, climatic, soil-related, and vegetation/environmental factors. Among these determinants, several variables stand out as particularly influential. In particular, sunshine hours, the Normalized Difference Vegetation Index (NDVI), soil pH, soil carbon content, and temperature emerge as critical factors affecting rice yield. Higher NDVI values indicate healthier vegetation conducive to increased rice yields. Balanced soil pH and adequate soil organic matter content are crucial in nutrient availability and overall soil health. At the same time, optimal temperatures during the growing season are vital for maximizing yield. While many of the variables we evaluated are known within the agricultural community, the application of geospatial machine learning provides a novel dimension, allowing us to analyze these variables in combination and at a large spatial scale. This approach enables us to uncover patterns and relationships that were not systematically explored before, providing actionable evidence to improve rice yield management significantly.



Second, this study highlights substantial regional disparities in rice yield within the study area, with distinct clusters of high and low rice yield. These spatial patterns underscore the need for region-specific agricultural practices and interventions. Tailoring strategies to local conditions, such as optimizing soil management, irrigation, and crop selection, can help bridge these yield gaps and enhance rice production. For instance, regarding regions unsuitable for rice production, this study suggests making informed decisions about crop suitability and land use. This study provides crucial evidence for policymakers and farmers in regions unsuitable for rice cultivation to transition to more suitable alternatives to yield better economic returns and sustainability outcomes. This adaptive strategy optimizes resource allocation and promotes agricultural diversification, essential for enhancing resilience against climate change and market fluctuations.



Third, the developed Geographically Optimal Zones-based Heterogeneity (GOZH) model emerges as a powerful tool for exploring the spatial determinants of rice yield. It offers several advantages over traditional approaches, including considering multiple variables simultaneously and assessing their collective impact on rice yield. This comprehensive approach enables a more nuanced understanding of the interdependencies among determinants, leading to improved predictions and management strategies.



Finally, the findings of this study have practical implications for rice production in China, the world’s largest rice-producing nation. Our research can inform agricultural practices that optimize rice yield by identifying the key determinants and their spatial patterns. Based on our findings, implementing region-specific strategies can contribute to increased food security, sustainable agriculture, and economic development in the study area. The methodologies developed in this study can be modified and utilized in other rice-producing areas globally to evaluate and improve rice production efficiency worldwide. By customizing these models to specific local factors such as climate, soil properties, and farming techniques, other areas can use our findings to attain comparable enhancements in rice production monitoring and management.



This study still has limitations. First, it is essential to recognize the possible impacts of spatial resolution, spectral sensitivity, and temporal coverage of remote sensing images on the errors and uncertainties of rice yield analysis. In addition, further research in this field can explore additional determinants and their interactions, providing a more comprehensive understanding of rice yield dynamics. For instance, major soil fertility components are not included in the study due to data unavailability but should be considered in future studies, such as electrical conductivity, nitrogen, sulphur, phosphorus, and potassium levels. Finally, long-term analysis of historical data and analysis for various regions are recommended to assess the reliability of the developed geospatial machine learning approach.



In conclusion, this study advances our knowledge of China’s spatial determinants of rice yield. It demonstrates the potential of the GOZH model in exploring complex interactions among multiple variables. The findings promise to improve agricultural practices, optimize resource allocation, and ultimately contribute to food security in this vital agricultural landscape.




6. Conclusions


This study has made significant contributions in advancing our understanding of the spatial determinants of rice yield in China, particularly within the primary rice-producing regions of Hubei, Hunan, Anhui, and Jiangxi Provinces. Employing the innovative Geographically Optimal Zones-based Heterogeneity (GOZH) model, we comprehensively explored the multifaceted factors shaping rice yield outcomes. Our research responds to the pressing need to unravel the complexities of rice production in a nation characterized by diverse geographical and environmental conditions. We have uncovered pronounced regional disparities in rice yield through rigorous analysis and systematic methodology, with distinctive determinant patterns observed across geographical zones and seasons. These findings underscore the necessity of tailoring agricultural strategies to specific geographical and climatic contexts, a crucial consideration for enhancing food security and sustainable rice production in China.



In addition, the developed spatial machine learning approach has emerged as a robust tool capable of untangling the intricate web of spatial determinants affecting rice yield. By examining individual spatial variables, assessing their collective impact, and validating our models against established approaches, we have contributed pivotal insights for advancing rice yield prediction, enhancing agricultural management practices, and optimizing resource allocation within China’s diverse rice-growing regions. As rice production remains a cornerstone of global food security, our findings hold far-reaching implications for China and for shaping best practices in rice cultivation worldwide. This study offers a comprehensive understanding of the spatial heterogeneity of rice yield, underscoring the importance of tailored agricultural strategies to promote sustainable food production and enhance food security in the world’s largest rice-producing nation. This study highlights the adaptive strategy that urges policymakers and farmers to adopt alternative methods, efficiently use resources, and encourage diversification based on the critical evidence provided in this study, including spatial disparities and the interaction impacts of geographical, environmental, and climate factors on yield production. This adaptive strategy is essential for resilience against climate change and market fluctuations, ensuring a sustainable and economically viable agricultural future.
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Figure 1. Spatial distribution and statistics of rice yield in the principal rice-producing regions in China. 
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Figure 2. Spatial distributions of potential factors influencing the rice yield in the principal rice-producing regions in China. 
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Figure 3. Spatial patterns and characteristics of the rice yield in the principal rice−producing regions. 
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