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A Data-Driven Governance Framework for the Cultivated Land Dilemma: 1 

Balancing Intensification and Fragmentation in the Yangtze River Delta, 2 

China 3 

 4 

Abstract: Cultivated land in rapidly urbanizing regions supports food production and ecological integrity, yet policies often present 5 

intensification and fragmentation as a zero-sum choice. This study examines 27 cities in the Yangtze River Delta from 2000 to 2023 6 

and links a robust evaluation of intensification and fragmentation with a coordination assessment and a driver analysis based on 7 

spatial detection and interpretable machine learning. Findings show that intensification first rose and then declined, with higher 8 

levels at the periphery and lower levels in the interior. Levels are higher in southern Anhui and Zhejiang and lower in northern 9 

Jiangsu and northern Zhejiang. Fragmentation followed a fluctuating path with repeated rises and falls and shows a clear gradient 10 

that is higher in the south and lower in the north, with peaks in southern Jiangsu, Zhejiang, and Anhui. The two dimensions are 11 

moving into early coordination, but pronounced spatial disparities remain. Coordination is generally higher in the west, imbalance 12 

persists in the northeast, the center is relatively stable, and the south shows a structure with lower values at the core and higher 13 

values at the periphery. Industrial structure and road network density are the core drivers of the interaction between intensification 14 

and fragmentation, and urbanization and population density reinforce their effects. Building on these results, a multilevel governance 15 

architecture and a four-quadrant policy toolkit match regional interaction types with targeted interventions such as service-based 16 

consolidation, institutional innovations, and infrastructure upgrades. This data informed governance framework offers a transferable 17 

pathway for managing cultivated land systems under rapid urbanization while advancing equitable and sustainable land governance. 18 

Keywords: Cultivated Land Use Intensification; Cultivated Land Fragmentation; Interpretable Machine Learning; Cultivated Land 19 

Governance; Yangtze River Delta. 20 

1. Introduction 21 

Cultivated land systems are at the heart of a critical global sustainability nexus, tasked with ensuring food security while 22 

safeguarding terrestrial ecosystems. However, governing these systems is often trapped in a persistent dilemma. On one hand, 23 

production-driven intensification aims to maximize yields through greater inputs(Hultgren et al., 2025). On the other, conservation-24 

oriented consolidation seeks to enhance ecological integrity and achieve economies of scale by reducing fragmentation(von Jeetze 25 

et al., 2023). Conventional policy often treats these goals as a simple trade-off, forcing a false choice between productivity and 26 

sustainability. This paper challenges that dichotomy. It argues that intensification and fragmentation are not merely antagonists but 27 

two interacting facets of the same land system. Their relationship can be conflicting or synergistic, contingent on the specific 28 

socioeconomic context and governance approach. 29 

This governance dilemma is acutely manifested in China’s Yangtze River Delta (YRD), a global exemplar of rapid 30 

industrialization and urbanization. The region presents a unique natural experiment where top-down policies promoting high-31 

intensity agriculture collide with the bottom-up realities of smallholder-dominated land tenure and relentless urban 32 

encroachment(Zhang et al., 2024). This collision has produced a complex and fragmented landscape mosaic, making the YRD an 33 

ideal case for studying the outcomes of conflicting land use pressures. Understanding this dynamic is not only vital for China’s food 34 

security and rural revitalization but also offers transferable lessons for other global economic hubs navigating similar developmental 35 

pressures, from Southeast Asia to Latin America(Looga et al., 2018; Johansen et al., 2020; Oldekop et al., 2020; Prabhakar, 2021). 36 

In recent years, both CLUI and CLF have attracted considerable scholarly attention. CLUI refers to the process of optimising 37 

resource allocation to maximise output per unit area of arable land under limited resource inputs (Liu et al., 2024). CLF refers to 38 

the fragmentation of arable land due to division or uneven distribution, leading to reduced farming efficiency and irrational land 39 

use(Ye et al., 2024). Despite growing scholarly attention to CLUI and CLF, most existing studies examine them in isolation. A large 40 

body of research explores intensification and its effects on productivity or ecology (Chen et al., 2013; Hou et al., 2016; Teffera et 41 

al., 2018; Wang et al., 2021), while another strand investigates fragmentation and its impacts on farming efficiency or rural 42 

development (Yu et al., 2021; Lyu et al., 2022; Mahanty et al., 2023). Yet very few studies analyze the interplay between 43 

intensification and fragmentation as two sides of the same system. This gap persists because conventional linear models are ill-44 

equipped to capture the non-linear, feedback-driven dynamics inherent in the CLUI-CLF system, leading to incomplete or even 45 



misleading policy recommendations. Even when coordination has been studied, most efforts stop at quantitative indices, lacking 46 

deeper investigation into driving mechanisms or governance strategies. 47 

This study addresses these gaps by developing an integrated, governance-oriented framework. It moves beyond isolated metrics 48 

to achieve three primary objectives. First, it systematically evaluates the spatiotemporal dynamics of both intensification and 49 

fragmentation in the YRD using a robust, nonlinear modelling approach. Second, it uncovers the complex interplay and core 50 

socioeconomic drivers governing this relationship through a hybrid analysis combining spatial statistics and interpretable machine 51 

learning. Finally, and most importantly, it translates these empirical findings into a multilevel governance architecture, featuring a 52 

strategic framework and a tactical toolkit with differentiated interventions. This research makes three key contributions. 53 

Theoretically, it validates a context-dependent, interactive model of land use change, challenging the conventional trade-off narrative. 54 

Methodologically, it pioneers an integrated analytical pipeline that enhances the credibility of driver analysis for complex socio-55 

ecological systems. Empirically, it provides a data-driven, actionable governance framework for managing cultivated land systems 56 

in rapidly urbanizing regions, offering insights transferable beyond China. 57 

The research framework of this study is shown in Figure 1. The remainder of this study is organized as follows. Section 2 58 

introduces the study area, data sources and methods. Section 3 presents the results and analysis. Section 4 discusses the theoretical 59 

and practical implications of the findings, culminating in the construction of a multilevel governance architecture based on the 60 

empirical evidence. The last section concludes this work. 61 

 62 

Figure 1. Research framework 63 

2. Materials and methods 64 

2.1 Study area 65 

YRD is located in eastern China and includes 27 cities (Figure 2). The terrain ranges from flat to gently undulating and consists 66 

mainly of the alluvial plains of the Yangtze River. This humid subtropical region has four distinct seasons, with average annual 67 

temperatures ranging from 15°C to 18°C and precipitation ranging from 1,000 mm to 1,500 mm, making it agriculturally productive 68 

(Wang et al., 2020). The network of rivers, lakes and waterways, including the Yangtze River and Taihu Lake, is well connected and 69 



plays a role in irrigation, fisheries and transportation. Economically, the YRD is an economic powerhouse, with its diversified 70 

economy of manufacturing, finance, technology and agriculture contributing significantly to China’s GDP (Hou et al., 2021). With 71 

more than 200 million inhabitants, the region faces challenges posed by rapid urbanization and high population densities, leading 72 

to intensification of agricultural production and land fragmentation (Yang et al., 2020).  73 

 74 

Figure 2. Study area 75 

2.2 Data sources 76 

In this study, the period of 2000-2023 was selected as the study period to carry out the evaluation and coupling relationship 77 

exploration between CLUI and CLF. The data of this study are as follows (Table 1). 78 

Table 1. Information and Sources of Basic Data in YRD 79 

2.3 Evaluation indicator system 80 

2.3.1 Construction of evaluation index system of CLUI 81 

According to the actual situation of the utilization of cultivated land in the YRD (Xu et al., 2013; Han and Chen, 2018; Ma et 82 

al., 2020; Zhu et al., 2022), this paper employs frequency analysis and a systematic review of the literature to identify four key 83 

dimensions: land input, land utilization, output efficiency, and sustainability. These 12 indicators were selected to create a holistic 84 

assessment covering inputs (e.g., labor, machinery), utilization processes (e.g., cropping intensity), economic outputs (e.g. , land 85 

value), and long-term sustainability (e.g., per capita land area), reflecting the multifaceted nature of intensification (Table 2). 86 

Data name Data message Data sources 

Rainfall 
Daily rainfall data for 9 national 

meteorological stations, 

National Data Center for Meteorological Sciences 

(http://data.cma.cn/site/index.html) 

DEM 30m resolution Geospatial Data Cloud (http://www.gscloud.cn/) 

Land use 30m resolution  
Resources and Environmental Sciences, Chinese Academy of 

Sciences (RESDC)(http://www.resdc.cn )  

Remote-sensing data Terra MODIS NDVI 250 m 
Center for Resource and Environmental Sciences and Data, 

Chinese Academy of Sciences (http://www.resdc.cn/) 

Soil Soil type data 1km resolution 
Center for Resource and Environmental Sciences and Data, 

Chinese Academy of Sciences (http://www.resdc.cn/) 

Statistical data 

Road network density, industrial 

structure, urbanization rate, 

population density, GDP per capita, 

etc. 

YRD Statistical Yearbooks 



Table 2. Indicator System for Evaluating the CLUI in YRD 87 

2.3.2 Construction of the evaluation index system for CLF 88 

Due to the influence of both natural and human factors, the selection of indicators for evaluating CLF should comprehensively 89 

reflect its spatiotemporal differentiation characteristics (Yu et al., 2018). In this study, eight landscape metrics commonly used in 90 

landscape ecology—such as patch density (PD), mean patch size (MPS), largest patch index (LPI), and landscape shape index 91 

(LSI)—were employed to analyze the spatial and temporal dynamics of CLF in the YRD. These indices, calculated using Fragstats 92 

4.2 software, provide both quantitative and qualitative insights tailored to the region’s specific land use conditions and research 93 

objectives. Among the 8 indicators, the Largest Patch Index (LPI), Mean Patch Size (MPS), and Aggregation Index (AI) are typical 94 

negative indicators, while the remaining 5 are positive indicators. These were analyzed at both municipal and provincial scales to 95 

comprehensively assess the spatiotemporal patterns of CLF across the study area. 96 

Patch Density Index (PD) is used to calculate the number of cropland patches per unit area. A higher PD value indicates a 97 

greater number of patches and, consequently, a higher degree of cultivated land fragmentation (CLF). 98 

 
n

PD
A

=  (1) 99 

where A presents the total area of the landscape (hm2), and n denotes the number of panels (n). 100 

Largest Patch Index (LPI) refers to the proportion of the largest individual patch relative to the total landscape area, reflecting 101 

the spatial dominance and control capacity of the dominant patch type.  102 
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Mean Patch Size (MPS) refers to the degree of CLF, where smaller MPS values more finely fragmented patches, while larger 104 

values suggest lower levels of fragmentation. 105 

 
A

MPS
n

=  (3) 106 

Patch shape index (LSI) measures the complexity of patch shapes and their interaction with surrounding patches. A higher LSI 107 

value indicates more complex and irregular patch shapes, while a lower value reflects simpler, more regular shapes. 108 

 
0.25E

LSI
A

=  (4) 109 

where E is the perimeter of the plaque edge. 110 

Area-weighted shape index (AWMSI) is the sum of the perimeter-to-area ratio of each patch multiplied by the respective area 111 

Target 

level 
Criteria level Criteria level Criteria level Indicator Direction 

CLUI 

Input 

intensity 

Per capita labor input Agricultural workers/total cultivated area (people/km2) + 

Gross per capita power of 

agricultural machinery 

Total power of agricultural machinery/cultivated land 

(kW/km2) 
+ 

Fertilizer input per plot Agricultural fertilizer use/cultivated land area (t/km2) + 

Utilization 

level 

Replanting index Total sown area of crops/total cultivated area (%) + 

Irrigation coefficient Effective irrigated area/total cultivated area (%) + 

Reclamation coefficient Total cultivated area/regional land area (%) + 

Output 

benefits 

Average land value 
Agricultural output value/total cultivated area 

(yuan/km2) 
+ 

Production value per 

laborer 

Agricultural output value/agricultural employees 

(yuan/person) 
+ 

Grain yield Total grain output / sown area (kg/km2) + 

Sustainability 

Cultivated land area per 

capita 

Total area of cultivated land/total population 

(km2/person) 
+ 

Non-agricultural index Non-agricultural population/total population (%) - 

Agricultural Support Index Gross Output Value of Crop Farming / Population + 



weights. When AWMSI = 1, it indicates that the shape of the patch is the simplest square; when the value of AWMSI increases, it 112 

indicates that the shape of the patch has become more irregular and complex.  113 
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Edge Density Index (ED) often presents the degree of division of the edge of arable land, using the ratio of the perimeter of 115 

the edge of arable land patches to the area of the patches, and the greater the value of ED, the higher the degree of division of the 116 

boundaries of the arable land, which represents the degree of human interference. 117 

 
E

ED
A

=  (6) 118 

Degree of separation of arable land types (DIVISION) refers to the degree of separation of the distribution of different 119 

patches. When there is only one patch in the landscape, its value is 0. The larger its value is, the more dispersed the cultivated land 120 

patches are, the more complex the landscape is, and the higher the degree of fragmentation is. Its range is: 0 ≤ DIVISION ＜1. 121 

 
2

1

1 ( )
n

ij

j

a
DIVISION

A=

= −  (7) 122 

Aggregation Index (AI) reflects the degree of clustering among cultivated land patches. A higher AI value indicates that 123 

cultivated land is composed of larger, more aggregated patches, implying lower fragmentation. Conversely, a lower AI value 124 

suggests that the land consists of many smaller, scattered patches, indicating a higher degree of fragmentation. The index ranges 125 

from 0 to 100. 126 
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2.4 Comprehensive evaluation model 128 

2.4.1 Projection pursuit modeling (PPM) 129 

To comprehensively evaluate the complex, non-linear, and high-dimensional nature of CLUI and CLF, this study adopts an 130 

integrated Multi-Agent Genetic Algorithm-based Projection Pursuit Model (MAGA-PPM). This hybrid approach is chosen for its 131 

capacity to robustly capture underlying data structures that traditional linear methods often fail to identify (Loperfido, 2018; Su et 132 

al., 2024). 133 

The model is structured in two main stages. First, the Projection Pursuit Model (PPM) is employed to formulate the 134 

evaluation task as a formal optimization problem. Its primary function is to define an objective function that seeks the most 135 

informative one-dimensional projection of the high-dimensional indicator data. An ideal projection is one that maximizes both the 136 

overall spread of the projected values and their local clustering, thereby best revealing the underlying data structure. However, the 137 

resulting objective function is highly complex and non-linear, making it prone to numerous local optima that can trap 138 

conventional optimization algorithms. 139 

This is where the MAGA demonstrates its significant advantages. As an advanced intelligent optimization algorithm, MAGA 140 

is exceptionally well-suited to navigate this complex search space and identify the global optimum. Unlike simpler optimizers, 141 

MAGA operates on a population of potential solutions and refines them through evolutionary processes. Its distinctive multi-agent 142 

framework, which simulates collaboration and competition among individuals, enhances both its global exploration and local 143 

exploitation capabilities. This dual mechanism not only accelerates convergence but also greatly increases the probability of 144 

finding the true optimal solution while avoiding premature stagnation. Furthermore, as validated in our model tests, MAGA 145 

exhibits superior stability and robustness, making it less sensitive to initial parameter settings and ensuring the reliability of the 146 

results. Ultimately, MAGA delivers the optimal projection direction, which is then used to calculate the final, robust 147 

comprehensive evaluation scores for both CLUI and CLF. The detailed computational framework, including all specific formulas 148 

and symbol notations, is provided in Figure 3. 149 

The MAGA-PPM was implemented using MATLAB R2022a. Based on preliminary testing and established practices, key 150 

parameters for the algorithm were set as follows: the grid size was 30, initial maximum iterations were 350, competition 151 

probability was 0.25, crossover probability was 0.2, and mutation probability was 0.1. The density window width was set to 152 

rmax/5. During execution, it was observed that sample projection values stabilized after 50 iterations, indicating effective 153 

convergence; therefore, the final maximum number of iterations was set to 50 for all runs. 154 



 155 

Figure 3. MAGA-PPM computational framework, specific formulas, and symbol explanations 156 

2.5 Coupling coordination degree model (CCDM) 157 

The CCDM is an analytical tool used to assess the level of development of interactions and coordination between two or more 158 

systems (Li et al., 2022). This model reveals the interdependencies and synergies between systems by quantifying the coupling 159 

coordination degree (CCD) between them. 160 

(1) Coupling degree (CD) 161 

The CD indicates the interdependence between different elements within the system. The relevant formula is: 162 

 1 2

2 2

1 2

C C
C

C C


=

+
 (9) 163 

where 1C  and 
2C  represent the combined evaluation value of the two elements in the system, respectively. 164 

(2) CCD 165 

Let CCD be denoted as H ; the relationship can be expressed by the following formula: 166 

 100%
max

C
H

C
=   (10) 167 

where maxC  denotes the maximum coupling coefficient of the system under ideal conditions, typically attaining a value of 168 

unity. 169 

According to previous studies (Li et al., 2012; Zuo et al., 2021), the classification criteria of CCD are shown in Table 3. The 170 

coupling and coordination degrees are combined to obtain a comprehensive CCD metric: 171 

 D C H=   (11) 172 

Table 3. Classification of CCD 173 

Interval of CCD Level Status of CCD 

[0.0~0.1) 1 Extreme disorder 
[0.1~0.2) 2 Severe disorder 
[0.2~0.3) 3 Moderate disorder 
[0.3~0.4) 4 Mildly disorder 
[0.4~0.5) 5 Nearly disorder 
[0.5~0.6) 6 Barely coordinated 

[0.6~0.7) 7 Elementary coordination 

[0.7~0.8) 8 Intermediate coordination 

[0.8~0.9) 9 Good coordination 



Interval of CCD Level Status of CCD 

[0.9~1.0] 10 Quality coordination 

2.6 Optimal parameters-based geographical detector 174 

Geodetector is a statistical method grounded in spatial differentiation analysis (Wang et al., 2022). It offers distinct 175 

advantages by eliminating the need for a priori data distribution assumptions and enabling quantification of nonlinear interactions 176 

among multiple factors. These capabilities make it particularly suitable for uncovering the driving mechanisms underlying 177 

complex geographical phenomena(Zhao et al., 2020). However, the traditional Geodetector require manual classification of 178 

variable categories, which suffers from strong subjectivity and poor discretization effects. The Optimal Parameters-based 179 

Geographical Detector (OPGD) can overcome these shortcomings by exploring the optimal combination of spatial scale, spatial 180 

data discretization methods, and the number of spatial data partitions to achieve more precise spatial consistency analysis, thereby 181 

making the results more impartial and objective The core equations are defined as follows: 182 
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 (12) 183 

In the equation, q  represents the explanatory degree of the driving factor, with a value range of [0,1]. L  denotes the total 184 

number of strata; hN  and N  represent the sample size of the h th stratum and the total sample size, respectively; 
2

h  and 185 

2  are the variances of the h th stratum sample and the total sample, respectively. 186 

2.7 XGBoost-SHAP 187 

(1) XGBoost 188 

To further accurately reveal the complex driving mechanisms of CCD affecting cultivated land use in the YRD, this study 189 

incorporates the XGBoost model. XGBoost is a powerful machine learning algorithm based on the gradient boosting framework, 190 

specifically designed to enhance predictive accuracy(Liu et al., 2025). It improves model performance by incrementally building a 191 

series of weak learners, offering advantages in handling large datasets and excelling in controlling model complexity while 192 

avoiding overfitting. Furthermore, XGBoost mitigates overfitting through mechanisms such as controlling tree complexity and 193 

incorporating regularization terms. Its objective function comprises both a loss function and a regularization term. The loss 194 

function quantifies the discrepancy between predicted and actual values, with smaller values indicating better model performance, 195 

while the regularization term constrains model complexity, thereby preventing overfitting(Zhou et al., 2025).  196 

(2) SHAP 197 

The XGBoost model alone cannot intuitively explain the specific direction and intensity of the impact of various driving 198 

factors on the coupling coordination degree. To address this, this study introduces the SHAP method to interpret the black-box 199 

nature of XGBoost. The SHAP method draws from the Shapley value in game theory to evaluate the relative importance of 200 

individual features in machine learning models(Tao et al., 2025). Its core lies in calculating the marginal contribution of each 201 

feature across different combinations and deriving the final impact value through weighted averaging. This method is applicable 202 

not only for global interpretation but also for local interpretation, making it a crucial tool in model interpretability research. The 203 

calculation formula is as follows(Fu et al. 2025): 204 
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 (13) 205 

In the formula, i  is the SHAP value of driving factor i , H  is the overall set of all features, S  is a subset of H  that 206 

does not include feature i , S  is the feature subset without factor i , and ( )t S  is the model prediction result corresponding to 207 

the feature combination in subset S . 208 

2.8 Spatiotemporal trend analysis methods 209 

To quantify and visualize the evolutionary trends of geographical phenomena over space and time, this study employed 210 

Standard Deviational Ellipse (SDE) and centre of gravity analysis. These methods are widely used in geography and economics to 211 

reveal the directional trends, dispersion, and core locational shifts of spatial elements over a period. 212 



The SDE summarizes the spatial distribution characteristics of a set of points through several key parameters. The center of 213 

the ellipse represents the mean centre or centre of gravity of the distribution. The long and short axes indicate the primary and 214 

secondary directions of the data's distribution, reflecting its directionality. The azimuth describes the angle of rotation of the long 215 

axis from due North, revealing the main directional trend of expansion. The area of the ellipse reflects the degree of data 216 

dispersion; a larger area signifies a more dispersed distribution, while a smaller area indicates greater concentration. 217 

The Centre of Gravity Trajectory Analysis visualizes the overall migration direction and path of the phenomenon by tracking 218 

the spatial shifts in the SDE’s centre of gravity over different years. By connecting the gravity centres chronologically, the 219 

resulting trajectory line clearly illustrates the dynamic evolution of the core area of spatial agglomeration. 220 

In this study, SDE and centre of gravity analysis were applied to the CCD and the CLUI-CLF interaction types to uncover 221 

their overall evolutionary patterns and directional trends across the YRD. All analyses were performed using ArcGIS 10.4.1. 222 

3. Results 223 

3.1 Model validation and robustness check 224 

Prior to the main analysis, the credibility and robustness of the analytical framework were rigorously established. The selection 225 

of the MAGA-PPM was central to this framework, chosen for its capacity to navigate the complex, nonlinear, and high-dimensional 226 

nature of land use data. Since the optimization algorithms seek a minimum while the PPM model seeks to maximize fitness, the 227 

objective function was negated for the analysis. 228 

A two-tiered validation process confirmed the model's superiority. First, an internal consistency check using a virtual indicator 229 

method demonstrated the model’s ability to effectively identify the true global optimum. Second, and more critically, MAGA-PPM 230 

was benchmarked against four other widely-used optimization algorithms. The results, summarized in Figure 4, show that MAGA 231 

consistently outperformed its counterparts in terms of convergence speed, accuracy, and stability across multiple independent runs. 232 

This rigorous validation provides strong confidence in the model’s capacity to produce reliable and accurate assessments, forming 233 

a solid foundation for the subsequent analysis. Detailed validation data are provided in the Supplementary Information (Tables A1-234 

A4). 235 

  236 

Figure 4. Comprehensive performance verification of five optimization algorithms 237 



3.2 Characterization of the spatiotemporal evolution of the CLUI of YRD 238 

The analysis of CLUI reveals a distinct temporal trend and spatial pattern across the YRD. Temporally, the overall 239 

intensification level for the entire region followed an inverted U-shaped curve, increasing from 2000 to a peak in 2005, and 240 

subsequently declining steadily until 2023 (Figure 5a). This overarching trend, however, masks considerable local variations. For 241 

instance, while most cities mirrored the regional decline post-2005, Shanghai experienced a renewed upward trend after 2015, and 242 

Zhoushan showed almost continuous growth throughout the period. 243 

Using ArcGIS 10.4, the spatiotemporal patterns of CLUI in the YRD were visualized (Figure 5b) and classified into five 244 

categories based on CLUI values: Ⅴ (very low intensification), Ⅳ (low intensification), Ⅲ (moderate intensification), Ⅱ (high 245 

intensification), and Ⅰ (very high intensification). Spatially, the YRD exhibits a clear “periphery-high, interior-low” pattern of 246 

intensification (Figure 5b). The highest levels of CLUI are consistently found in the southern and western peripheries, particularly 247 

in southern Zhejiang and most of Anhui province, where many cities reached high or very high intensification levels by 2023. In 248 

stark contrast, the economically developed core regions, including southern Jiangsu and northern Zhejiang, generally remained at 249 

low or very low intensification levels. This spatial divergence became more pronounced over time, with Anhui showing significant 250 

improvement while the core areas stagnated, highlighting a growing regional disparity in agricultural land use intensity. 251 

 252 

Figure 5. Spatiotemporal differentiation of CLUI in the YRD 253 

3.3 Characterization of the spatiotemporal evolution of the CLF of YRDs 254 

The evolution of CLF in the YRD presents a fluctuating temporal pattern and a stark north-south spatial divide. Temporally, 255 

the regional average fragmentation level exhibited a “W-shaped” fluctuation over the study period, with periods of decline followed 256 

by subsequent increases (Figure 6a). At the local level, trends were diverse: cities in southern Jiangsu showed a consistent increase 257 

in fragmentation after 2010, while some cities in Zhejiang, such as Wenzhou and Jinhua, experienced a general decline. 258 

Spatially, a persistent “south-high, north-low” gradient characterized the distribution of fragmentation (Figure 6b). The highest 259 

levels of fragmentation were concentrated in the southern parts of the YRD, with cities in southern Zhejiang (e.g., Wenzhou, Taizhou) 260 

and southern Jiangsu reaching “very high” or “extreme” fragmentation. Conversely, the northern cities, particularly Yancheng and 261 

Nantong in northern Jiangsu, consistently maintained low fragmentation levels. This distinct spatial pattern suggests that factors 262 

related to topography and economic development intensity in the southern regions contribute significantly to a more fragmented 263 

landscape. 264 



 265 

Figure 6. Spatiotemporal differentiation of CLF in the YRD 266 

3.4 Characterization of the spatiotemporal evolution of the CCD of CLUI and CLF 267 

3.4.1 Timing evolution patterns of CCD for CLUI and CLF 268 

The analysis of the Coupling Coordination Degree (CCD) between intensification and fragmentation reveals a general trend of 269 

improvement across the YRD (Figure 7a), but with significant and persistent spatial disparities. Overall, the regional CCD level 270 

steadily increased, transitioning from a state of mild disorder to elementary coordination. However, this regional average conceals 271 

starkly different local trajectories. 272 

Spatially, the distribution of CCD evolved into a complex pattern characterized by four key features (Figure 7c). First, a clear 273 

“western high” pattern emerged, with cities in Anhui province consistently showing higher levels of coordination. Second, a 274 

“northeastern trapping effect” was observed, where cities like Yancheng and Nantong remained in a state of serious imbalance 275 

throughout the 23-year period. Third, central areas of the YRD demonstrated relative equilibrium, gradually improving to a 276 

coordinated state. Fourth, the southern region exhibited a “core-periphery imbalance”, with cities closer to the economic core 277 

showing lower coordination than those on the periphery. The spatiotemporal trend analysis further illustrates this dynamic. The 278 

center of gravity of the CCD remained relatively stable near Ningbo, while the standard deviational ellipse (SDE) showed a slight 279 

counter-clockwise rotation (Figure 7b). This indicates that the improvements in coordination were most rapid in the northwestern 280 

(Anhui) and southeastern (southern Zhejiang) parts of the region, reinforcing the pattern of growing spatial differentiation. 281 



 282 

Figure 7. Spatiotemporal differentiation of CCD between CLUI and CLF in the YRD 283 

3.5  Spatiotemporal dynamics of CLUI-CLF interaction types 284 

To translate the interplay between CLUI and CLF into a diagnostic tool for governance, this study classified regions into four 285 

interaction types: Advantage (high CLUI, low CLF), Tension (high CLUI, high CLF), Potential (low CLUI, low CLF), and 286 

Vulnerable (high CLF, low CLUI). 287 

The spatiotemporal evolution of these types reveals a dramatic regional restructuring over the study period (Figure 8b). While 288 

the YRD was initially dominated by Vulnerable and Tension types, a significant transition occurred by 2010. From that point 289 

onwards, the spatial pattern largely stabilized into three distinct blocs. The first bloc, encompassing most of Anhui Province, became 290 

a model region dominated by the Advantage type, exemplifying effective and intensive land use. The second, primarily covering 291 

northern Jiangsu, was characterized by the Potential type, suggesting its contiguous land has yet to achieve high intensification. The 292 

third bloc, which includes southern Jiangsu and most of Zhejiang, remained persistently locked in Tension and Vulnerable types, 293 

highlighting a sustained conflict between high-intensity urbanization and cultivated land management. 294 

The center of gravity analysis (Figure 8a) confirms this spatial consolidation. A clear migration of the center of gravity from 295 

southwest to northeast, coupled with a marked contraction of the SDE area, indicates that these three distinct regional blocs have 296 

become more spatially concentrated and their characteristics more pronounced over time. 297 

 298 



Figure 8. Spatiotemporal Dynamics of CLUI-CLF Interaction Types in the YRD 299 

3.6 Investigation of the CCD drive mechanism 300 

3.6.1 Factor selection 301 

Based on previous research(Fonderflick et al., 2020; Yang et al., 2020), this study selected eight key factors encompassing 302 

natural and socio-economic dimensions as the primary drivers influencing the changes in the coordination between CLUI and CLF 303 

in the Yangtze River Delta region. Unlike the earlier assessments conducted at the municipal level, the driver analysis was performed 304 

at the county scale to obtain more granular spatial insights. The study area included counties and districts within the YRD, and due 305 

to missing data for certain years or regions, the final valid sample size for driver analysis was 1,290. Table 8 summarizes the 306 

descriptive statistics of these variables. 307 

Table 8. Drivers for CCD and their descriptive statistics 308 

Category Indicator Number Observations Minimum Maximum Mean Standard deviation 

Natural factors 

DEM D1 1290 4.832 646.271 81.686 123.317 

Slope D2 1290 1.089 22.725 6.645 5.750 

NDVI D3 1290 0.165 0.891 0.647 0.134 

Socioeconomic 
factors 

Road Network Density D4 1290 0.605 2.449 1.400 0.389 

Industrial Value-Added as 
Percentage of GDP 

D5 1290 0.206 0.626 0.416 0.086 

Population Density D6 1290 5.220 7.747 6.469 0.509 

GDP Per Capita D7 1290 0.210 41.420 7.218 6.796 

Urbanization Rate D8 1290 0.158 0.893 0.619 0.178 

3.6.2 Factor detection 309 

All eight driving factors passed the multicollinearity test. The OPGD results reveal significant temporal variations in the 310 

explanatory power of various natural and socio-economic factors influencing the CCD between CLUI and CLF in the YRD (Figure 311 

9). Overall, socio-economic factors exhibit stronger explanatory power than natural factors. In particular, the proportion of industrial 312 

added value (D5), road density (D4), urbanization rate (D8), and population density (D6) exert notably prominent influences on the 313 

CCD. These factors consistently maintained high values across different years, indicating that rapid industrialization and 314 

urbanization are core drivers shaping interregional cropland use patterns and the evolution of coordination levels. 315 

 316 

Figure 9. Single-factor detection under the OPGD method 317 

Notably, after 2005, the explanatory power of urbanization rate (D8) and road network density (D4) increased significantly, 318 



reflecting the role of infrastructure development and population agglomeration in promoting land use transitions. In contrast, natural 319 

factors consistently showed lower explanatory power with relatively stable fluctuations, suggesting that topographic conditions 320 

impose stable constraints on the CLUI–CLF coupling relationship in the YRD. The explanatory power of NDVI (D3) has risen 321 

steadily since 2010, implying that vegetation coverage is becoming increasingly important in influencing cropland coordination as 322 

regional ecological restoration and cropland improvement proceed.  323 

Building upon the OPGD analysis, this study further incorporates the XGBoost-SHAP model from machine learning methods 324 

to provide supplementary validation of the importance of influencing factors (Figure 10). XGBoost-SHAP employs tree model-325 

based feature contribution decomposition to intuitively quantify the marginal impact of each variable on the outcome. Its advantage 326 

lies in not only offering comprehensive explanations but also revealing the intensity of individual variables’ effects under different 327 

scenarios. The analysis demonstrates high consistency between the key influencing factors identified by both XGBoost-SHAP and 328 

OPGD methods. For instance, the proportion of industrial added value in X5, X6, and X8 consistently rank highly in importance 329 

across different years, with their rankings largely aligned. This finding indicates that the critical drivers identified by OPGD exhibit 330 

strong robustness and reliability, while the XGBoost-SHAP results further validate their scientific validity. Meanwhile, slight 331 

discrepancies exist in the importance weights of a few factors between the two models, though the overall trends remain consistent, 332 

reflecting the multidimensional and complex nature of the influencing mechanisms. In conclusion, the integration of XGBoost-333 

SHAP effectively enhances the rigor of model comparison and result verification, making the conclusions of the influencing factor 334 

analysis more persuasive. 335 

 336 

Figure 10. Single-factor detection using the XGBoost-SHAP method 337 

Overall, the formation of CCD in the YRD reflects a shift from natural constraints to socio-economic drivers, with ecological 338 

factors gradually gaining importance. This offers valuable insights for optimizing regional land resources and promoting sustainable 339 

utilization. The interaction detection results indicate that the pairwise factor combinations significantly enhance the explanatory 340 

power of CCD for CLUI and CLF, predominantly through dual-factor enhancement and nonlinear enhancement (Figure 11).  341 

Nearly all factor combinations exhibited higher q-values than any single factor. In the early stage, transportation and 342 

industrialization demonstrated the strongest synergy, with road network density and industrial added value proportion reaching a q-343 

value of 0.976 in 2000, while population density and GDP per capita achieved 0.936. Between 2005 and 2010, the enhancement 344 

effect intensified, with population density and GDP per capita reaching 0.942 in 2005, and industrialization and GDP per capita 345 

attaining 0.948 in 2010. Combinations of industrialization with population density and road network density both exceeded 0.92. 346 

By 2015, the interaction between transportation and industrialization remained dominant, with road network and industrialization 347 

around 0.967, industrialization and GDP per capita at 0.932, and industrialization and population density at 0.922. A new peak 348 

appeared in 2020, when urbanization and population density reached 0.976, road network and GDP per capita approximately 0.967, 349 

and road network and population density 0.971. By 2023, the synergy between socioeconomic factors and transportation had further 350 

strengthened, with roads and industrialization approaching unity and industrialization with GDP per capita around 0.990. Natural 351 

and socioeconomic factors also exhibited notable synergistic effects, with terrain–road network and terrain–urbanization 352 



combinations typically exceeding 0.70. In 2020, DEM and urbanization reached approximately 0.85, while slope–road network 353 

interactions ranged between 0.47 and 0.70. NDVI combined with road networks or industrialization showed significant increases, 354 

rising from lower values to above 0.70 in multiple years and peaking near 0.97. Overall, the interactions among industrialization, 355 

urbanization, population, and transportation networks constitute the core driving framework of CCD in the cultivated land system 356 

of the Yangtze River Delta, while natural factors primarily play an auxiliary, amplifying role. 357 

 358 

Figure 11. Driver interaction diagram 359 

4. Discussion 360 

4.1 Divergent paths of intensification and fragmentation 361 

The empirical findings from the Yangtze River Delta provide compelling evidence that the relationship between cultivated land 362 

intensification and fragmentation is not a simple linear antagonism but a complex, context-dependent dynamic. The analysis reveals 363 



a nuanced reality where the outcome is contingent on the stage and mode of regional development. This is vividly illustrated by the 364 

contrasting trajectories within the YRD. In less-urbanized areas like Anhui province, state-led land consolidation policies, coupled 365 

with agricultural investment, successfully improved system coordination, leading to the emergence of the Advantage type. This 366 

demonstrates a scenario where policy intervention can indeed foster a synergistic relationship. 367 

In stark contrast, the hyper-industrialized core regions, such as southern Jiangsu and parts of Zhejiang, remained trapped in 368 

Tension or Vulnerable states. Here, the relentless pressure of urban encroachment and the persistence of smallholder-dominated land 369 

tenure created a downward spiral. Rapid urbanization led to the conversion of high-quality, contiguous farmland, leaving behind a 370 

more fragmented agricultural landscape. Simultaneously, the rising opportunity cost of farming and labor migration to urban sectors 371 

disincentivized on-farm investment, leading to a decline in intensification. This confirms that in certain socioeconomic contexts, 372 

fragmentation and de-intensification can become mutually reinforcing problems. The dominance of socioeconomic drivers, robustly 373 

identified by both OPGD and XGBoost-SHAP, explains why these regional disparities have solidified over time, challenging any 374 

one-size-fits-all policy solution. 375 

4.2 Theoretical and methodological implications for land system science 376 

This study offers significant contributions to land system science by challenging the conventional trade-off narrative. 377 

Theoretically, its findings move the discourse beyond a simplistic view of intensification versus fragmentation. By empirically 378 

validating a context-dependent, interactive model, the research demonstrates that their relationship can range from synergistic to 379 

conflicting. This highlights the critical role of socioeconomic context and governance in shaping land use transitions, enriching 380 

systems-thinking approaches to sustainable land management by emphasizing nonlinearity and feedback loops. 381 

Methodologically, this paper pioneers an integrated analytical pipeline that enhances the credibility and depth of land use 382 

studies. The application of the MAGA-PPM demonstrates the necessity of robust, nonlinear models for accurately diagnosing 383 

complex socio-ecological systems. More importantly, the innovative dual-driver analysis, which synergizes spatial statistics (OPGD) 384 

with interpretable machine learning (XGBoost-SHAP), provides a powerful framework for cross-validation. This hybrid approach 385 

offers a transferable blueprint for researchers seeking to conduct nuanced, evidence-based assessments of complex land system 386 

challenges, thereby increasing the reliability of findings for policy-making. 387 

4.3 A data-driven framework for strategic land governance 388 

The complexity and heterogeneity uncovered by the analysis call for a paradigm shift in governance—from isolated, top-down 389 

interventions toward an integrated, adaptive, and spatially differentiated strategy. To this end, a data-driven framework for strategic 390 

land governance is proposed, designed to translate analytical insights into actionable principles. At its core is a multidimensional 391 

collaborative governance architecture, structured as a hexagon-pillar-cycle model (Figure 12). This represents a holistic blueprint 392 

for action. 393 

The outer hexagon defines the core governance domains—Territorial Planning, Property Rights, Business Models, and 394 

Technical Support—all operating under the dual objectives of Farmland Protection and Integrated Management. At the heart of the 395 

framework lie three crucial pillars: a reformed Property Rights System, innovative Business Models, and advanced Technical 396 

Support. These pillars are specifically designed to address the predominantly socioeconomic drivers identified by the OPGD and 397 

XGBoost-SHAP analysis. The framework's dynamism is captured by two interconnected feedback cycles: a governance cycle, 398 

where territorial planning guides policy design to curb negative trends, and an efficiency cycle, where institutional and technical 399 

innovations empower stakeholders. This strategic design moves beyond simple physical consolidation to a systemic approach that 400 

orchestrates institutional, market, and technological forces toward sustainable land use. 401 



 402 

Figure 12. A multidimensional collaborative governance framework for CLF 403 

4.4  Operationalizing governance with a policy toolkit 404 

While the strategic framework provides the guiding philosophy, a crucial gap often exists between broad strategy and concrete 405 

intervention. To bridge this know-do gap, a tactical layer is essential: the Four-Quadrant Governance Toolkit (Figure 13). This 406 

toolkit serves as a practical decision-support system, directly linking the regional diagnosis (the four interaction types) to targeted 407 

policy prescriptions. It operationalizes the principle of spatially differentiated governance by providing a clear, evidence-based 408 

rationale for selecting the right tool for the right problem. 409 

For example, in Tension type regions (e.g., southern Jiangsu), characterized by high intensification but high fragmentation, the 410 

primary conflict is operational efficiency. Here, the toolkit recommends service-based consolidation through institutional 411 

innovations like virtual plot integration via cooperatives and the promotion of agricultural machinery sharing platforms, explicitly 412 

avoiding disruptive physical land parcelling. Conversely, for Vulnerable type areas (e.g., Anhui in the early 2000s), where both 413 

intensification and contiguity are low, the focus shifts to foundational consolidation. The prescribed tools include investing in high-414 

standard farmland construction, clarifying land tenure to incentivize long-term investment, and providing basic technical training. 415 

For Potential type regions (e.g., northern Jiangsu), the toolkit prioritizes intensification-boosting measures, such as introducing high-416 

yield varieties and precision agriculture technologies. Finally, for the ideal Advantage type regions, the focus is on sustainability 417 

enhancement, promoting ecological farming practices to ensure long-term resilience. This toolkit transforms complex analysis into 418 

an adaptable instrument for evidence-based policy design. 419 



 420 

Figure 13. A Four-Quadrant Governance Toolkit for Differentiated Policy Intervention 421 

5. Conclusions 422 

This study establishes a comprehensive evaluation framework for CLUI and CLF in the YRD, introducing the MAGA-PPM 423 

method for integrated spatiotemporal analysis and benchmarking its performance against seven alternative algorithms. The CCD 424 

model and the OPGD are employed to examine the coupling relationship and driving mechanisms. Additionally, qualitative methods 425 

are used to explore the dynamic evolution of these mechanisms in depth. Four key findings emerge. 426 

First, CLUI shows an overall fluctuating trend—initially increasing and then decreasing—forming a spatial pattern 427 

characterized by higher values in peripheral areas and lower values in central regions. CLUI is notably higher in Anhui and southern 428 

Zhejiang, and lower in northern Jiangsu and northern Zhejiang. Second, CLF exhibits a “W-shaped” temporal fluctuation, with a 429 

spatial distribution of higher fragmentation in southern areas and lower fragmentation in the north. Specifically, CLF is more 430 

pronounced in southern Jiangsu, southern Zhejiang, and southern Anhui. Third, the CCD between CLUI and CLF has generally 431 

improved, indicating progress toward initial coordination. However, spatial disparities remain: the western YRD shows higher CCD 432 

values, the northeastern region has long remained imbalanced, the central region maintains relative stability, and the southern region 433 

displays a pattern of lower CCD values in the interior but higher values along the periphery. Fourth, from the perspective of the 434 

formation mechanism, both the proportion of industrial added value in GDP and road network density have been identified as core 435 

influencing factors through the dual analytical methods of OPGD and XGBoost-SHAP. 436 

Despite its contributions, the study has several limitations that point to directions for future research. First, the reliance on 437 

macro-level statistical data and remote sensing imagery limits representation of micro-level drivers, such as farmers’ decision-438 

making and grassroots policy enforcement. Incorporating survey-based microdata and indicators for policy intensity and farmer 439 

responses would enhance the framework. Second, the prefecture-level analysis may obscure finer spatial heterogeneity; future work 440 

should adopt higher-resolution data at the county or township scale. Third, the regional focus restricts generalizability. Comparative 441 

analyses with other major agricultural regions, such as the Pearl River Delta or the Chengdu–Chongqing Urban Agglomeration, 442 

could validate and broaden the applicability of these findings. 443 
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Appendix 569 

A. Internal Validation Data for the MAGA-PPM Model 570 

This section provides the detailed data used for the internal validation of the MAGA-PPM. The validation was performed for 571 

both the CLUI and CLF models, using the “virtual indicator’ method as described in the main manuscript. 572 

A1. Data for CLUI Evaluation Validation 573 

Table A1. Validation indicators for CLUI evaluations 574 

Year 
Validation indicators 

U1 U2 U3 U4 U5 U'1 U'2 U'3 
2010 0.442 0.558 0.632 0.728 0.684 1 0.442 0.368 

2011 0.452 0.549 0.631 0.722 0.664 1 0.451 0.369 

2012 0.451 0.489 0.628 0.72 0.662 1 0.511 0.372 

2013 0.412 0.475 0.624 0.688 0.649 1 0.525 0.376 

2014 0.425 0.448 0.622 0.685 0.632 1 0.552 0.378 

2015 0.429 0.465 0.587 0.675 0.612 1 0.535 0.413 

2016 0.488 0.482 0.582 0.662 0.581 1 0.518 0.418 

2017 0.426 0.381 0.584 0.651 0.582 1 0.619 0.416 

2018 0.485 0.37 0.583 0.642 0.548 1 0.63 0.417 

2019 0.535 0.354 0.582 0.632 0.551 1 0.646 0.418 

2020 0.534 0.353 0.583 0.629 0.558 1 0.647 0.417 

2021 0.539 0.352 0.565 0.617 0.601 1 0.648 0.435 

2022 0.512 0.358 0.532 0.613 0.557 1 0.642 0.468 

2023 0.511 0.355 0.536 0.611 0.552 1 0.645 0.464 

 575 



Table A2. Optimal projection score vector for the validation metrics 576 

Project 
Optimal projection direction vectors 

u1 u2 u3 u4 u5 u'1 u'2 u'3 
Scenario 1 0.563 0.332 0.485 -0.428 0.629    

Scenario 2 0.591 0.325 0.471 -0.425 0.612 -0.0028   

Scenario 3 0.457 0.322 0.488 -0.438 0.577 0.0032 -0.319 0.477 

 577 

Table A3. Validation indicators for CLF evaluation 578 

Year 
Validation indicators 

J1 J2 J3 J4 J5 J'1 J'2 J'3 
2010 0.588 0.458 0.596 0.328 0.643 1 0.542 0.404 

2011 0.596 0.452 0.588 0.335 0.655 1 0.548 0.412 

2012 0.642 0.455 0.583 0.339 0.642 1 0.545 0.417 

2013 0.625 0.468 0.581 0.342 0.648 1 0.532 0.419 

2014 0.629 0.465 0.578 0.348 0.649 1 0.535 0.422 

2015 0.638 0.469 0.573 0.354 0.645 1 0.531 0.427 

2016 0.629 0.488 0.57 0.359 0.632 1 0.512 0.43 

2017 0.633 0.492 0.575 0.355 0.628 1 0.508 0.425 

2018 0.618 0.512 0.588 0.358 0.633 1 0.488 0.412 

2019 0.613 0.515 0.569 0.385 0.624 1 0.485 0.431 

2020 0.605 0.508 0.566 0.411 0.626 1 0.492 0.434 

2021 0.598 0.511 0.581 0.416 0.629 1 0.489 0.419 

2022 0.583 0.529 0.583 0.422 0.624 1 0.471 0.417 

2023 0.581 0.536 0.588 0.424 0.622 1 0.464 0.412 
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Table A4. Optimal projection direction vectors 580 

Project 
Optimal projection direction vectors 

J1 J2 J3 J4 J5 J'1 J'2 J'3 
Scenario 1 0.612 0.425 0.388 0.512 -0.387    

Scenario 2 0.578 0.423 0.395 0.495 -0.389 -0.0037   

Scenario 3 0.586 0.433 0.412 0.502 -0.374 0.0027 -0.428 0.417 
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