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1. Introduction
The economic significance of land utilization is essential, as productive activities, capital accumulation, and socio-environmental resilience are grounded in a spatial framework of land utilization.  Land, as a primary factor of production, underpins agricultural productivity essential for food security and exports, provides physical space for industry, commerce, and infrastructure, and constitutes substantial wealth that bolsters the credit market and investment [1][2]. Efficient land allocation directly influences economic output by minimizing transaction costs, inefficient transportation networks, and the financial burdens of fragmented and expansive growth, while simultaneously facilitating locational strategies advantages [3][4].  Ecosystem services, encompassing water control, soil fertility, carbon sequestration, and climatic resilience, are essential for long-term economic stability, requiring their preservation through sustainable management [5].  Conversely, poor and inequitable land allocation is likely to result in resource depletion, heightened vulnerability, societal discord around access, and diminished rights for individuals’ intergenerational equity [6].  Consequently, it is essential to disclose effective and stable economic development, functionality, and prosperity, as optimal land utilization that integrates strategic planning, secure tenure, and environmental stewardship is a fundamental determinant of sustainable economic growth [7].
Optimizing agricultural land is crucial for enhancing global food security, promoting economic sustainability, and achieving environmental stability.  Given that arable land is a restricted and limited resource, with only one-third of the Earth's surface currently cultivated. As the global population is anticipated to reach nearly 10 billion by 2050, it is imperative to maximize productivity per unit of arable land to support this population growth [8][9][10].  Improving land use through precision agriculture, crop diversification, sustainable irrigation management, and soil health directly enhances yield, minimizes input waste (including water and fertilizers), and lowers production costs, thereby augmenting farm profitability and reinforcing rural livelihoods [11][12].  Simultaneously, enhancements in agricultural practices can mitigate environmental degradation by preventing deforestation for crop and pasture development, avoiding soil erosion, preserving biodiversity, and reducing greenhouse gas emissions through carbon sequestration in healthy soils [13]. Economically, enhanced efficiency stabilizes the food supply chain, diminishes price volatility, and bolsters export competitiveness in agricultural countries while fostering innovation in agricultural technology [14].  Poor land usage exacerbates resource extraction rates, increases vulnerability to climatic shocks, incites land-use conflicts, and undermines future agricultural sustainability [15].  Strategic and science-based management of agricultural land is both an operational priority and a fundamental prerequisite for intergenerational equity and global stability [16].
The technological disparity in agriculture, characterized by unequal accessibility, adoption, and adaptation of developed technologies, significantly impacts land utilization efficiency and Total Factor Agricultural Land Productivity (TFALP) [17][18][19].  The efficiency of land utilization is significantly greater in agricultural regions equipped with a robust technical foundation (e.g., precision agricultural technologies, automated irrigation systems, genetically enhanced seeds, data-driven soil management, and effective automation) [20][21]. This can be achieved through enhanced yield per hectare by improving the utilization of inputs (water, fertilizers, and herbicides), reducing waste, minimizing undermining, and increasing resilience to biotic and abiotic challenges [22][23].  The region with higher TFALP signifies that output has enhanced at a more rapid pace than all evaluated inputs (land, labor, capital, materials), hence highlighting their efficiency.  Regions characterized by minimal technological disparities, particularly those with economic constraints, inadequate infrastructure, scarce knowledge transfer, or ineffective policies, predominantly employ extensive or traditional practices [24][25].  It results in diminished agricultural yield per land unit, inefficient resource management (including excessive water consumption and nutrient leaching), accelerated soil erosion, and heightened vulnerability to climatic variations.  The resultant inefficiency engenders a global productivity disparity: the more technologically advanced a region, the greater the output it can attain on its available land, thereby exerting less pressure on forests [26]. Conversely, underdeveloped regions are prone to over-exploitation or conversion of marginal land to mitigate this inefficiency, jeopardizing sustainability. Moreover, heightened economic disparities and food insecurity are impending owing to technological heterogeneity, since impoverished regions have lower agricultural revenue and increased production risk [27][28].  Consequently, bridging this technology divide is crucial for improving global agricultural output and achieving fair and sustainable land use intensification [29][30].
China has formulated comprehensive strategies and technologies to ensure a stable land supply, addressing land scarcity, degradation, and rising food demand in recent decades by enhancing the efficiency of agricultural land utilization and Total Factor Productivity (TFP) [31][32][33]. The focus has been on promoting extensive and mechanized agriculture through policies of land consolidation and transfer, facilitating more effective resource allocation and reducing fragmentation. The government has significantly contributed to agricultural research and development by generating high-yielding, stress-tolerant crop varieties and advancing precision agriculture to optimize input use and minimize waste [34][35]. Reforms to governmental institutions, including the delineation of land rights under the "Three Rights Separation" framework, have fostered long-term investments in soil health and infrastructure [36]. Simultaneously, China has successfully pursued sustainable intensification through initiatives such as the soil testing and Formula Fertilization program, which decreased chemical usage by 15-20 percent without compromising production, and the Grain for Green program, which rehabilitated marginal land to mitigate erosion [37]. Subsidies for advanced efficiency equipment (e.g., laser levellers, no-till seeders) and the provision of knowledge to farmers have expedited the adoption of best practices, particularly in regions with varying technological capabilities [38]. These factors propelled agricultural total factor productivity growth to over 23 % annually in 2017, while grain yields increased by over 25 percent since 2000, despite a reduction in arable area [39][40]. Nevertheless, challenges such as water scarcity, regional disparities in technological access, and the imperative to further reduce environmental consequences while pursuing carbon neutrality persist.  The integrated model of China, encompassing technical modernization, institutional innovation, and ecological preservation, underscores the national strategic imperative to achieve food security and sustainable rural development [41][42].
 The Agricultural Land Protection Red Line Policy in China, enacted in 2012, modifies the 1997 policy by replacing the hectare-based acreage red line with a fixed minimum of 120 million hectares (1.8 billion mu) of arable land to ensure food security amid rapid urbanization and ongoing farmland loss [43][44].  A rigid quantitative benchmark is established through provincial land quotas, accompanied by a requirement for compensatory reclamation. Any agricultural land converted for non-agricultural use must be counterbalance by land of equivalent or superior quality elsewhere.  The policy emphasizes quality by designating 52.8 million hectares as permanent basic cropland, which are high-yield areas prohibited from development, and allocating funds for High-Standard Farmland Construction, which includes modernizing irrigation and drainage and enhancing soil health across 71.7 million hectares by 2025 [45].  Ecologically, it mandates the retirement of marginal slopes (>25) through the Grain for Green initiative and the remediation of contaminated soils.  The nation has successfully preserved 127.128 million hectares of farmland, exceeded the Red Line, and achieved an 18 percent increase in grain production from 2012 to 2023 under land pressure following the Red Line's adoption [46].  Nonetheless, certain impediments persist, such as regional inequalities in soil quality, shown by the exchange of fertile coastline property for dry interior areas, and financial pressures on local governments, alongside emerging discrepancies in renewable energy development [47][48]. The program remains crucial to China's objective of achieving 95 percent grain self-sufficiency through intensification strategies rather than expanding arable land, reflecting a model of global development that prioritizes the balance between growth and food sovereignty [49].
The efficacy of the Red Line Policy has certainly contributed to the conservation of agricultural land and facilitated further infrastructure investment; however, its effectiveness in enhancing agricultural land use efficiency (ALUE) and fostering growth in total factor agricultural land productivity (TFP) across regions in China, influenced by regional technological disparities, remains empirically unverified.  Crucially, it remains uncertain whether top-down land protection has significantly diminished spatial disparities in technology adoption or merely sustained productivity gaps between highly developed coastal provinces and the less developed inland regions, where institutional and infrastructural obstacles persist.  To this end, this study contributes to the existing literature in several ways. Firstly, the study employs Slack-Based Measure Data Envelopment Analysis (DEA-SBM) to evaluate the Agricultural Land Use Efficiency (ALUE) in 31 mainland provinces of China. It explores the growth in ALUE over the study period. Secondly study employed the Meta frontier analysis to gauge the technology gap ratio (TGR) in 9 different agricultural regions of China. Thirdly, the study divided the period into pre-red-line (2000-2011) and post-red-line (2012-2023) periods to gauge the impact of Agri-land protection policy on the agricultural land efficiency (under group-frontier and meta-frontier) and regional technological gap ratio. Fourthly, the study uses the Malmquist productivity index to gauge the total factor agricultural land productivity change in 31 provinces and 9 different agricultural regions of China. It not only explores the impact of red policy on TFALP over the study period but also decomposes the TFALP change into efficiency change (EC) and technological change (TC) to evaluate the primary determinant of change in total factor agricultural productivity. Finally, to strengthen study results, a statistically significant difference is estimated among the average ALE pre and post the red line policy implication through the Mann-Whitney U test. Moreover, a statistically significant difference among the 9 different regions of China for ALE, TGR and TFALPC is estimated through the Kruskal-Wallis test. The rest of the study is organized as follows: Section two presents the methodology of the study. Inputs-outputs selection is presented in Section 3. Sections 4 and 5 explain the results & discussion, and conclusions of the study. 
2. Methodology
The research study employed a comprehensive research methodology to evaluate the effects of the Agricultural Land Protection Red Line Policy (2012) in China, as well as regional technological heterogeneity on agricultural land utilization efficiency (ALUE) and overall agricultural land productivity (TFALP). The given methodology of quantitative approaches integrates four highly developed methods:
2.1 Slack-Based Measure DEA with Undesirable Outputs (DEA-SBM)
DEA is extensively used to measure the efficiency evaluation in numerous industries [50][51]. The basic traditional models of CCR and BCC were developed to measure technical efficiency and pure technical efficiency, focusing on inputs and outputs [52][53]. The Slacks-Based Measure (SBM) model, which was developed by Kaoru Tone in the early 2000s, can be considered a milestone in Data Envelopment Analysis (DEA) [54]. It was developed precisely to overcome serious shortcomings of the conventional radial DEA models (such as CCR and BCC). Such previous models were concerned only with proportional decreases of inputs or the surplus of outputs without paying much attention to the existence of the slacks - the non-radial inefficiencies which were expressed in terms of input abundance and output deficiencies. The SBM model, therefore, is a radically non-radial and non-oriented Model. Moreover, it has the decisive feature of unit invariance, and it measures technical efficiency more inclusively since it measures all sources of waste present in the data. The SBM model was further modified with the inclusion of bad output in 2002 [55]. In this study, we employed the non-oriented SBM model to evaluate agricultural land use efficiency (ALUE) while accounting for undesirable outputs (CO₂ emissions). For each province (DMU), we solve:

Subject to:

Where in equation 1:
·  : Input vector (land, labor, capital, machinery, water, energy, fertilizer)
·  : Desirable output (agricultural GDP)
·  : Undesirable output (  emissions)
·  : Slacks for inputs/outputs
·  indicates full efficiency
2.2 Meta-Frontier Analysis
To address regional technological heterogeneity, China is divided into 9 agricultural regions. We construct:
· Group Frontiers (GF): Separate production frontiers for each region
· Meta-Frontier (MF): Unified frontier encompassing all regions
The Technology Gap Ratio (TGR) measures regional technological proximity:

Higher TGR (see equation 2) values indicate smaller technology gaps relative to the national frontier.

2.3 Malmquist-Luenberger Index (MLI)

Malmquist Productivity Index (MPI) was developed as one of the important productivity change measures over time, and owes its theoretical foundations to the formulation of consumption indexes by Sten Malmquist (1953) [56], but it was modified into a non-parametric framework by numerous researchers [57][58][59]. Studies calculated the index based on distance functions of production frontiers, so that productivity change could be decomposed into efficiency change (catching up to the frontier) and technological change (shifts in the frontier). Nonetheless, one major drawback of the conventional MPI was that it could not respond to undesirable outputs (such as pollution or waste), because it implicitly assumed that all outputs are desirable and that they should be maximized. To fill this acute gap, Chung, Fare and Grosskopf proposed the Malmquist-Luenberger Productivity Index (MLI) in 1997 [60]. The MLI also introduced directional distance functions, earlier thoughts of Rolf Fare and others based on the ideas of the Luenberger benefit functions, which are capable of expanding outputs on the desirable outputs and shortening them on the undesirable ones. In this study MLI evaluates total factor agricultural land productivity change (TFALPC) while incorporating undesirable outputs. Using directional distance functions  :
               (3)
Decomposition:
   (4)
· MLI > 1: Productivity growth
· EC > 1: Efficiency improvement
· TC > 1: Technological progress

2.4 Kruskal-Wallis Test
3. Inputs-Outputs Selection and data collection
The proper identification of the inputs and outputs in Data Envelopment Analysis (DEA) is of great importance in getting accurate efficiency and productivity change scores. The performance of decision-making units (DMUs) examined by DEA includes comparing their capabilities of the input to output conversion, and the choice of variables is at the center of the validity of the outcome [61]. Improper selection of inputs or outputs, omitted inputs or outputs, and irrelevant inputs or outputs will give the analysis biased or inaccurate efficiency scores, which will negate the whole process of evaluation [62]. As an example, when a critical input, such as energy costs, is omitted in a production efficiency analysis, it can give relatively high scores of efficiencies, whereas including non-explicit factors, such as administrative expenses in the hospital efficiency model, can give incorrect rankings [63][64]. A decent choice of variables will guarantee that the DEA model gives an accurate production process, so that comparisons between DMUs and over time will have accurate results [65]. Such considerations are particularly essential where the change in productivity is measured (including where it is measured by Malmquist indices) since inaccurate variables, such as might be used to measure technological progress or efficiency gains, can distort the true picture of the change in productivity. Furthermore, the discriminatory ability of the DEA, that is, its capacity to rank the high and the low performers, relies on an optimum set of input and output indicators since few may give unrealistic ratings of the efficiency, and many may weaken the analysis. In addition to technical aspects, there are the policy and management implications of the results that the DEA has, which further require precision [66]. In order to reduce these risks, researchers ought to base variable selection on a theoretical framework, justify decisions using sensitivity analysis, and seek the advice of domain experts. Studies found that the strictness and validity of the DEA rely on an adequate and rational choice of inputs and outputs, with the subsequent feasibility of the outcomes to be interpreted and, based on them, adjust improvements [67]. The selection of inputs and outputs presented in Table 1 is used to evaluate the agricultural land efficiency, and total factor productivity is taken from a comprehensive evaluation of the studies on agricultural land efficiency and total factor productivity change estimated through DEA in the different regions of the globe [68][69][70][71][72]. The data was collected from….
Table 1. Variables used to evaluate the efficiency and productivity change in the study
	Inputs
	Outputs

	Total agricultural land Area (1,000 ha)
	Actual agriculture GDP (CNY 100 million, constant prices)

	Total labor force in Agriculture (10,000 persons)
	Bad Output -CO2 in Agriculture (CNY 100 million, constant prices)

	Capital Employed in Agriculture (CNY 100 million)
	

	Machinery Power in Agriculture
	

	Water used in Agriculture (100 million m³)
	

	Energy used in Agriculture (10,000 kWh)
	

	Fertilizer used (10,000 tons)
	









4. Results and Discussion
Table: Average agricultural land resources utilization efficiency of meta-frontier, group frontier and technology gap ratio in 31 mainland provinces of China
	Year
	ALUE-MF
	ALUE-GF
	TGR

	2000
	0.7001
	0.8
	0.8751

	2001
	0.7022
	0.7946
	0.8837

	2002
	0.6987
	0.8
	0.8734

	2003
	0.6767
	0.7945
	0.8517

	2004
	0.6857
	0.7928
	0.8649

	2005
	0.683
	0.7815
	0.874

	2006
	0.6984
	0.7844
	0.8904

	2007
	0.702
	0.7913
	0.8871

	2008
	0.6954
	0.7795
	0.8921

	2009
	0.6879
	0.7792
	0.8828

	2010
	0.6924
	0.7784
	0.8895

	2011
	0.6117
	0.7757
	0.7886

	Average 2000-2011
	0.6862
	0.7876
	0.8711

	2012
	0.8806
	0.8963
	0.9825

	2013
	0.8757
	0.8857
	0.9887

	2014
	0.8762
	0.8763
	0.9999

	2015
	0.8921
	0.9045
	0.9863

	2016
	0.8787
	0.8938
	0.9831

	2017
	0.8858
	0.8982
	0.9862

	2018
	0.8527
	0.8658
	0.9849

	2019
	0.8646
	0.8776
	0.9852

	2020
	0.8613
	0.8786
	0.9803

	2021
	0.8626
	0.8783
	0.9821

	2022
	0.8667
	0.8774
	0.9878

	2023
	0.8855
	0.8893
	0.9957

	Average 2012-2023
	0.8735
	0.8851
	0.9869

	Average 2000-2023
	0.7799
	0.8364
	0.929



	Metric
	Pre-Policy 
	Post-Policy 
	Change
	Improvement

	ALUE-MF
	0.6862
	0.8735
	0.1873
	27.3% ↑

	ALUE-GF
	0.7876
	0.8851
	0.0975
	12.4% ↑

	TGR
	0.8711
	0.9869
	0.1158
	13.3% ↑
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Table: Average agricultural land resources utilization efficiency of meta-frontier, group frontier and technology gap ratio in 9 different agricultural regions and 31 mainland provinces of China
	Region
	Province
	MF
	GF
	TGR

	Huang-Huai-Hai Plain
	Beijing
	1
	1
	1

	Huang-Huai-Hai Plain
	Hebei
	0.9313
	0.9931
	0.9381

	Huang-Huai-Hai Plain
	Henan
	0.9931
	1
	0.9931

	Huang-Huai-Hai Plain
	Shandong
	0.9941
	1
	0.9941

	Huang-Huai-Hai Plain
	Tianjin
	0.9771
	0.9865
	0.9906

	Average Huang-Huai-Hai Plain
	
	0.9791
	0.9959
	0.9832

	Loess Plateau
	Shaanxi
	0.8896
	1
	0.8896

	Loess Plateau
	Shanxi
	0.5648
	1
	0.5648

	Average Loess Plateau
	
	0.7272
	1
	0.7272

	Middle-Lower Yangtze Plain
	Anhui
	0.6621
	0.772
	0.8692

	Middle-Lower Yangtze Plain
	Hubei
	0.9398
	1
	0.9398

	Middle-Lower Yangtze Plain
	Hunan
	0.9243
	0.9758
	0.9473

	Middle-Lower Yangtze Plain
	Jiangsu
	1
	1
	1

	Middle-Lower Yangtze Plain
	Jiangxi
	0.647
	0.7323
	0.8943

	Middle-Lower Yangtze Plain
	Shanghai
	1
	1
	1

	Middle-Lower Yangtze Plain
	Zhejiang
	1
	1
	1

	Average Middle-Lower Yangtze Plain
	
	0.8819
	0.9257
	0.9501

	Northeast China Plain
	Heilongjiang
	0.8918
	0.9828
	0.9081

	Northeast China Plain
	Jilin
	0.7569
	1
	0.7569

	Northeast China Plain
	Liaoning
	0.8831
	1
	0.8831

	Average Northeast China Plain
	
	0.8439
	0.9943
	0.8494

	Northern Arid and Semiarid Region
	Gansu
	0.7233
	1
	0.7233

	Northern Arid and Semiarid Region
	Inner Mongolia
	0.7439
	1
	0.7439

	Northern Arid and Semiarid Region
	Ningxia
	0.4983
	1
	0.4983

	Northern Arid and Semiarid Region
	Xinjiang
	0.8831
	1
	0.8831

	Average Northern Arid and Semiarid Region
	
	0.7122
	1
	0.7122

	Qinghai-Tibet Plateau
	Qinghai
	0.85
	1
	0.85

	Qinghai-Tibet Plateau
	Tibet
	1
	1
	1

	Average Qinghai-Tibet Plateau
	
	0.925
	1
	0.925

	Sichuan Basin and Surrounding Regions
	Chongqing
	1
	1
	1

	Sichuan Basin and Surrounding Regions
	Sichuan
	1
	1
	1

	Average Sichuan Basin and Surrounding Regions
	
	1
	1
	1

	Southern China
	Fujian
	1
	1
	1

	Southern China
	Guangdong
	1
	1
	1

	Southern China
	Hainan
	0.9976
	1
	0.9976

	Average Southern China
	
	0.9992
	1
	0.9992

	Yunnan-Guizhou Plateau
	Guangxi
	0.7543
	1
	0.7543

	Yunnan-Guizhou Plateau
	Guizhou
	0.8053
	1
	0.8053

	Yunnan-Guizhou Plateau
	Yunnan
	0.6547
	0.9811
	0.6736

	Average Yunnan-Guizhou Plateau
	
	0.7381
	0.9937
	0.7444
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Table. 
	Year
	MLI
	EC
	TC

	2000-2001
	1.014
	1.003
	1.011

	2001-2002
	1.0267
	0.9965
	1.0303

	2002-2003
	1.0147
	0.9788
	1.0367

	2003-2004
	1.1384
	0.9979
	1.1408

	2004-2005
	1.0325
	0.9994
	1.0331

	2005-2006
	1.0376
	1.0234
	1.0139

	2006-2007
	1.0863
	1.0101
	1.0754

	2007-2008
	1.0675
	0.9935
	1.0745

	2008-2009
	1.0375
	0.9974
	1.0402

	2009-2010
	1.1071
	1.0117
	1.0943

	2010-2011
	1.2884
	0.9162
	1.4062

	2011-2012
	0.8303
	1.1005
	0.7545

	Average 2000-2012
	1.0567
	1.0024
	1.0592

	2012-2013
	1.0943
	0.9974
	1.0972

	2013-2014
	1.1062
	1.0026
	1.1033

	2014-2015
	1.0855
	1.0212
	1.063

	2015-2016
	1.1111
	0.9912
	1.121

	2016-2017
	1.075
	0.9986
	1.0765

	2017-2018
	0.9956
	0.96
	1.0371

	2018-2019
	1.1156
	1.0169
	1.0971

	2019-2020
	1.2503
	1.0012
	1.2488

	2020-2021
	1.1342
	1.0024
	1.1315

	2021-2022
	1.1126
	1.0056
	1.1064

	2022-2023
	1.0919
	1.0072
	1.0841

	Average 2013-2023
	1.1066
	1.00039
	1.106

	Average 2000-2023
	1.0806
	1.0014
	1.0816



	Metric
	Pre-Policy 
	Post-Policy
	Change
	Impact

	MLI 
	1.0567
	1.1066
	4.72%
	✅ Significant improvement

	TC 
	1.0592
	1.106
	4.42%
	✅ Major acceleration

	EC 
	1.0024
	1.0004
	-0.20%
	➖ Minimal decline












	Region
	Province
	MI
	EC
	TC

	Huang-Huai-Hai Plain
	Beijing
	1.0277
	1
	1.0277

	Huang-Huai-Hai Plain
	Hebei
	1.1002
	1.0023
	1.0977

	Huang-Huai-Hai Plain
	Henan
	1.0994
	1.0014
	1.0979

	Huang-Huai-Hai Plain
	Shandong
	1.0798
	1.001
	1.0787

	Huang-Huai-Hai Plain
	Tianjin
	1.0206
	1.0096
	1.0109

	Average Huang-Huai-Hai Plain
	
	1.0655
	1.0029
	1.0626

	Loess Plateau
	Shaanxi
	1.1161
	1.0231
	1.0909

	Loess Plateau
	Shanxi
	1.0713
	1.0048
	1.0662

	Average Loess Plateau
	
	1.0937
	1.0139
	1.0785

	Middle-Lower Yangtze Plain
	Anhui
	1.0667
	0.9809
	1.0875

	Middle-Lower Yangtze Plain
	Hubei
	1.0764
	0.9881
	1.0894

	Middle-Lower Yangtze Plain
	Hunan
	1.1188
	1.0284
	1.0879

	Middle-Lower Yangtze Plain
	Jiangsu
	1.0692
	1
	1.0692

	Middle-Lower Yangtze Plain
	Jiangxi
	1.075
	0.9829
	1.0937

	Middle-Lower Yangtze Plain
	Shanghai
	1.0216
	1
	1.0216

	Middle-Lower Yangtze Plain
	Zhejiang
	1.0834
	1
	1.0834

	Average Middle-Lower Yangtze Plain
	
	1.073
	0.9972
	1.0761

	Northeast China Plain
	Heilongjiang
	1.1392
	1.0061
	1.1323

	Northeast China Plain
	Jilin
	1.0646
	0.9722
	1.095

	Northeast China Plain
	Liaoning
	1.0884
	0.9775
	1.1135

	Average Northeast China Plain
	
	1.0974
	0.9853
	1.1136

	Northern Arid and Semiarid Region
	Gansu
	1.1541
	1.0232
	1.1279

	Northern Arid and Semiarid Region
	Inner Mongolia
	1.0863
	0.9914
	1.0957

	Northern Arid and Semiarid Region
	Ningxia
	1.0507
	1.0166
	1.0335

	Northern Arid and Semiarid Region
	Xinjiang
	1.1172
	1.016
	1.0996

	Average Northern Arid and Semiarid Region
	
	1.1021
	1.0118
	1.0892

	Qinghai-Tibet Plateau
	Qinghai
	1.0674
	0.9746
	1.0952

	Qinghai-Tibet Plateau
	Tibet
	0.9904
	1
	0.9904

	Average Qinghai-Tibet Plateau
	
	1.0289
	0.9873
	1.0428

	Sichuan Basin and Surrounding Regions
	Chongqing
	1.0659
	1
	1.0659

	Sichuan Basin and Surrounding Regions
	Sichuan
	1.0764
	1
	1.0764

	Average Sichuan Basin and Surrounding Regions
	
	1.0711
	1
	1.0711

	Southern China
	Fujian
	1.0975
	1
	1.0975

	Southern China
	Guangdong
	1.0771
	1
	1.0771

	Southern China
	Hainan
	1.0661
	1.0002
	1.0659

	Average Southern China
	
	1.0802
	1.0001
	1.0802

	Yunnan-Guizhou Plateau
	Guangxi
	1.1058
	1.0197
	1.0844

	Yunnan-Guizhou Plateau
	Guizhou
	1.1062
	1.0178
	1.0869

	Yunnan-Guizhou Plateau
	Yunnan
	1.1185
	1.0059
	1.1119

	Average Yunnan-Guizhou Plateau
	
	1.1102
	1.0145
	1.0944



5. Conclusion and Policy Recommendations
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