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Abstract

Investigating the spatio-temporal differentiation patterns and driving factors of ecosystem
services (ESs) supply and demand is of great significance for early warning of ecosystem
imbalance risks and identifying regional natural resource supply-demand conflicts. This
study takes the typical coal-grain overlapping area (CGOA) in Eastern China as the research
object, dividing it into mining townships (MT) and non-mining townships (NMT) for
comparative analysis. By integrating the InVEST model, ESs supply—demand ratio (ESDR)
index, four-quadrant model, and the XGBoost-SHAP algorithm, the study systematically
reveals the spatiotemporal differentiation characteristics and driving mechanisms of ESs
supply and demand from 2000 to 2020. The results indicated that: (1) grain production (GP)
service maintained a continuous supply—demand surplus, with the ESDR of NMT areas
surpassing that of MT areas in 2020. The ESDR of water yield (WY) service was significantly
influenced by interannual fluctuations in supply, showing deficits in multiple years. The
decline in carbon sequestration (CS) service and sharp increase in carbon emissions led to a
continuous decrease in the ESDR of CS service, with MT areas facing a higher risk of carbon
deficit. (2) The spatial heterogeneity of ESs supply and demand was significant, with GP
and CS services exhibiting a typical urban-rural dual spatial structure, and the overall
region was dominated by the Type II ESs supply-demand matching (ESDM) pattern. The
ESDR of WY service generally decreases from Southeast to Northwest across the region.
with the Type IV ESDM pattern dominating in most years. (3) Human activities are the
core driving force shaping the supply—demand patterns of ESs. Among these, land use
intensity exhibits a nonlinear effect, high population density demonstrates an inhibitory
effect, and MT areas are more significantly affected by coal mining subsidence. Natural
environmental factors primarily drive WY service. The research findings can provide a
scientific reference for the coordinated allocation of regional natural resources and the
sustainable development of the human-land system.

Keywords: ecosystem service supply and demand; XGBoost-SHAP; driving factors; InVEST
model; coal-grain overlapping areas
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1. Introduction

Since the “Anthropocene”, the large-scale use of fossil energy has greatly improved
productivity [1], and human activities have become the dominant driving force shaping
the evolution of the Earth’s surface system [2]. Meanwhile, urbanization, industrialization,
and agricultural intensification have intensified the exploitation and utilization of natural
resources [3], exerting tremendous pressure and disturbance on ecosystems. As revealed
in the Millennium Ecosystem Assessment (MA) report, 60% of the ESs on which humans
depend are currently in a state of decline, and nearly two-thirds of the world’s natural
resources are nearly depleted [4]. The Intergovernmental Science-Policy Platform on Biodi-
versity and Ecosystem Services (IPBES) Thematic Assessment Report on Land Degradation
and Restoration also points out that 75% of the global terrestrial environments have been
severely altered by human activities, with losses of ESs caused by land degradation ex-
ceeding 10% of the global gross product annually [5]. The United Nations” “Transforming
Our World: The 2030 Agenda for Sustainable Development” identifies “protect, restore
and promote the sustainable use of terrestrial ecosystems” as one of the 17 key sustainable
development goals [6], highlighting the close connection between terrestrial ecosystems
and human well-being.

ESs are the benefits provided by natural ecosystems through their structures and
functions for human survival and development [7-9]. Among them, food security, water
security, and addressing climate change are critical foundational environmental pillars for
human survival and development [10]. However, with the acceleration of urbanization
and industrialization, the demand for and reliance on the water—energy—food (WEF) nexus
system in eastern China continue to rise [11]. Coupled with the demand preferences
of diverse stakeholders, the resulting imbalances and prominent contradictions in the
supply—demand relationships of ESs have become increasingly severe [12], particularly
in populous resource-based regions [13]. CGOAs refer to a special geographic region
where coal resource development and agricultural production overlap significantly in
vertical space [14], leading to direct conflicts and coordinated governance needs between
coal mining activities and grain production in terms of land use, ecological environment,
and socioeconomic development [15,16]. The supply—demand relationship of ESs in the
CGOAs is facing multiple pressures, including arable land shrinkage, water resource
scarcity, and increasing risks of carbon deficit [17]. Behind this lies the combined stress of
urban expansion, agricultural intensification, and mineral resource exploitation, yet current
studies have neglected their complex driving mechanisms. Additionally, the cumulative
effects of mineral resource development have led to structural contradictions and systemic
degradation of the ecosystem in some areas, further exacerbating the imbalance between
the supply and demand of ESs and the challenges to sustainable development in the CGOA.
The Nansi Lake Basin, located in eastern China, boasts a history of agricultural development
spanning thousands of years and a history of coal resource extraction exceeding a century.
It is a typical plain CGOA; accordingly, the dual endowments of coal resources and arable
land have laid a complex foundation for the supply-demand relationship of ESs in this
region [18]. Therefore, clarifying the supply—demand relationships of ecosystem services
and their complex driving mechanisms in this region is of paramount importance [19].

ES supply refers to the capacity of natural ecosystems to provide products and ser-
vices for humans, while demand reflects human consumption, expectations, or preferences
for ecosystem products and services [20-23]. The observed patterns of ES supply and
demand reflect the long-term co-evolution of natural processes and human activities [24].
Assessment methods on the supply side are mature and diverse; early studies focused
on evaluating the ecosystem services value (ESV) and later shifted to revealing ecological
processes and mechanisms through ecological modeling. Among these, the INVEST model
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holds advantages in comprehensive assessments due to its solid theoretical foundation,
flexible modular design, and good universality [25-27], being widely applied in case stud-
ies across various regions, scales, and types. Models such as RUSLE, CASA, and SWAT are
suitable for assessing specific individual services [28-30]. However, assessment methods
on the demand side are scattered and underdeveloped, roughly divided into empirical
cognition methods and indicator substitution methods. Empirical cognition methods, rep-
resented by the supply—demand matrix method and land use estimation method [20,31,32],
are highly subjective, with excessively simplified data, parameters, and processes, making
it difficult to capture ecological processes and details of supply—demand relationships. The
basic paradigm of the indicator substitution method has gradually become clear through
scholars’ continuous empirical research and is increasingly widely used: first, select specific
indicators characterizing service demand; second, calculate the total demand for services;
finally, map the total demand to grid cells through spatial media [33-35]. Nevertheless, the
indicator substitution method still lacks unified assessment standards, mainly due to the
complexity of human activities and the heterogeneity of demands [24], as well as weak the-
oretical foundations and insufficient data support [23]. In practical research, it is necessary
to adapt to local conditions when selecting applicable assessment methods and data indica-
tors. Methods such as ESDR, spatial matching of supply and demand, and supply-demand
coordination degree are usually used to measure and characterize the balance of ecosystem
supply and demand [36,37], while methods like Moran’s I and Self-Organizing Map (SOM)
are employed to reveal their spatial agglomeration characteristics [38,39]. In most cases,
there exist phenomena of spatial mismatch and quantitative imbalance in ES supply and
demand [40], which have adverse impacts on human well-being and regional governance.

On the basis of revealing the supply-demand pattern, identifying key driving factors
helps deepen the understanding of the evolution mechanism of ESs supply and demand,
and also provides theoretical support for regional differentiated regulation [41]. The driv-
ing factors affecting the balance of ESs supply and demand mainly include two major
aspects: the natural environment and socioeconomic factors [42]. Natural factors lay the
foundation for ESs supply, while human activities indirectly affect the supply capacity
of ESs by disturbing the components, structures, and processes of ecosystems [38]. The
combination of different driving factors plays an important role in changing ESs supply
and demand and shaping ESs relationships [43]. Previous studies have usually adopted
methods such as Pearson correlation coefficient (PCC), Spearman’s rank correlation coeffi-
cient (SRCC), Geographically weighted regression (GWR), Redundancy analysis (RDA),
and Geographical detectors to identify the dominant driving factors of ESs evolution and
their linear relationships [44,45]. However, these traditional methods still have obvious
limitations in processing high-dimensional data, capturing nonlinear relationships, and
analyzing threshold effects [46,47]. In recent years, with the rapid development of big
data and artificial intelligence, machine learning algorithms such as Random Forest (RF)
and Extreme Gradient Boosting (XGBoost) have been widely used in dynamic simulation,
target optimization, and driving factor identification of complex systems due to their strong
nonlinear fitting ability [48-50]. Nevertheless, as the complexity of machine learning model
structures continues to increase, their decision-making process becomes disconnected from
human cognitive logic, and the simulation results of the models are increasingly difficult to
understand and interpret [51]. The SHAP (SHapley Additive exPlanations) interpretation
method based on cooperative game theory effectively enables machine learning algorithms
to break free from the “black box” dilemma by accurately analyzing the contribution
mechanism of features in machine learning models [52,53]. The XGBoost-SHAP method is
an analytical framework that deeply integrates XGBoost's strong predictive power with
SHAP’s interpretability [54]. It can meet the core needs of multi-factor coupling and non-
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linear response in the research on driving factors of ESs and promote the transformation of
ESs research from descriptive analysis to mechanistic interpretation.

This study takes the typical CGOA in the Nansi Lake Basin of Eastern China as the
research region, the main research objectives are as follows: (1) Utilize the InVEST model
and pixel matching method to explore the spatiotemporal variation patterns of ESs supply
and demand; (2) Employ the ESDR index and four-quadrant model to investigate the
balance of ESs supply and demand, as well as their ESDM status; (3) Integrate the XGBoost-
Shap algorithm system to reveal the complex driving mechanisms underlying the spatial
pattern of ESs supply and demand.

2. Study Area

The study area is a typical plain CGOA located in Eastern China and Southern North
China Plain (115°40'-117°28' E, 34°27'-35°58' N), belonging to the Nansi Lake Basin, and
is an important water resource division of the Yi-Shu-Si water system in the Huaihe River
Basin. The administrative divisions encompass Jining City, Zaozhuang City, Heze City
in Shandong Province, and Xuzhou City in Jiangsu Province, including 18 county-level
administrative units with a total area of 20,317.64 km? (see Figure 1a,b). The region has a flat
terrain, dense distribution of towns, and a large population. By 2023, the permanent popu-
lation in the region reached 15.2827 million, with a population density of 752 people/km?.
Boasting fertile soil and developed agriculture, cultivated land accounts for more than 60%
of the total area. Food crops such as winter wheat, corn, and soybeans are widely planted,
and rice is also grown in some lakeside areas [55]. The region is rich in coal resources, with
a total of 102 coal mines (68 of which are operating). All mines adopt the underground
mining method, with an annual raw coal output exceeding 80 million tons. The coal seams
in the mining areas are deeply buried, thick, and accompanied by a high groundwater
table [56]. However, due to the coincidence of resource distribution, the phenomenon of
cultivated land overlying coal resources is widespread. Long-term high-intensity mining
has led to large-scale land subsidence and cultivated land loss. Based on the location of
coal mines, mining area boundaries, degree of coal resource exploitation, and current status
of coal mining subsidence areas, the CGOA is divided into 73 MT and 196 NMT with
townships as the basic unit (see Figure 1c).
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Figure 1. Location and scope of the study area: (a) the location of the research area in China;
(b) the cross-administrative division situation of the study area and its inclusion relationship with the
Nansi Lake Basin; (c) current land use/land cover (LULC) situation, current situation of coal mining
subsidence areas, and the scope of the MT area.

3. Materials and Methods
3.1. Data Source

The data used in this study includes land use data, basic geographic data, socioeco-
nomic data, and coalfield geological data. Table 1 details the content, time span, spatial
resolution, and data sources of various types of data. All spatial data in this study were
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obtained using the Albers Conical Equal Area projection coordinate system, GCSWGS_1984
geographic coordinate system, and the reference plane was D_WGS1984.

Table 1. Details of the data used in this study.

Data Type Data Content Data Year Data Accuracy Data Source
CNLUCC
Primary (https:
Land use data classification 2000-2020 30m / /www.resdc.cn/Default.aspx,
accessed on 22 September 2024)
ALOS
DEM 2019 125 m (https:/ /search.asf.alaska.edu/,

accessed on 14 November 2022)
. Predictive Soil Mapping with R.
Soil data 2019 250 m (htps./ /Opengegﬁubgorg /
Basic National Meteorological Science
geographic data  Meteorological data 1980-2020 - Data Center
(http:/ /data.cma.cn/)
National Ecosystem Science Data
Center (http:
NDVI 2000-2020 30m / /www.nesdc.org.cn/sdo/detail?
id=60f68d757e28174f0e7d8d49,
accessed on 12 February 2025)

China’s GDP Spatial Distribution
Kilometer Grid Dataset
(https:

/ /www.resdc.cn/Default.aspx)
WorldPop (https://hub.worldpop.

Population 2000-2020 100 m org/project/categories?id=3,
accessed on 2 February 2025)
Open Street Map
Road network data 2023 - (https:
/ /www.openstreetmap.org/)
The county-level agricultural

GDP 2020 1 km

i0-economi ; i
Socio-economic Grain production

data statistics 2000-2022 ) product panel data
Zaozhuang/Jining /Heze/Xuzhou
Water resources 2010-2024 - (Urban and Rural) Water
statistics .
Affairs Bureau
Carbon emission EDGAR GHG
data 2000-2020 ) (https:/ /edgar.jrc.ec.europa.eu/)
CIrrMap250 Dataset (https:/ /essd.
Irrigated farmland copernicus.org/articles/16/5207/
ratio data 2020 250 m 2024 /essd-16-5207-2024.html,
accessed on 26 July 2025)
Coalfield Mining boundary, The First Exploration Team of the
colowical data coal mining 2018 - Shandong Coalfield
50108 subsidence area Geologic Bureau
3.2. Methods

Figure 2 shows the technical roadmap. This roadmap revolves around the human
environment system in the CGOA, and is developed in three steps: (1) Propose key scientific
questions; (2) quantify the supply and demand of ESs and analyze their changing patterns,
explore their quantitative balance status and spatial matching patterns; (3) considering
natural environmental factors and human activity factors, analyze the importance and
dependence of driving factors on the supply and demand of ESs.

https:/ /doi.org/10.3390/1and 15010201


https://www.resdc.cn/Default.aspx
https://www.resdc.cn/Default.aspx
https://search.asf.alaska.edu/
https://opengeohub.org/
http://data.cma.cn/
http://www.nesdc.org.cn/sdo/detail?id=60f68d757e28174f0e7d8d49
http://www.nesdc.org.cn/sdo/detail?id=60f68d757e28174f0e7d8d49
http://www.nesdc.org.cn/sdo/detail?id=60f68d757e28174f0e7d8d49
https://www.resdc.cn/Default.aspx
https://www.resdc.cn/Default.aspx
https://hub.worldpop.org/project/categories?id=3
https://hub.worldpop.org/project/categories?id=3
https://www.openstreetmap.org/
https://www.openstreetmap.org/
https://edgar.jrc.ec.europa.eu/
https://essd.copernicus.org/articles/16/5207/2024/essd-16-5207-2024.html
https://essd.copernicus.org/articles/16/5207/2024/essd-16-5207-2024.html
https://essd.copernicus.org/articles/16/5207/2024/essd-16-5207-2024.html
https://doi.org/10.3390/land15010201

Land 2026, 15, 201

7 of 25

1.Propose Key Scientific Questions 2.ESs Supply and Demand Change 3.Driving Factors Identify
High groundwater level coal-grain overlapping Natural Ndlnra'l
areas 7
ESs Supply ‘ ‘ ESs Demand
factors facmrs
Vs i Drl\mg,
i | Urbanization Minin, i Factors | - 1
i z g . e i i
i | process i 7| devetopment i R Ngl‘gm"e GD:Per capita food | | i X1, X2, X3.X16
H : i demand H A
i ; g - i | WYInvEST- ceane
i Agrlcul\}lml 5 ﬂ Ecological i | Annual Water Yield WU:Water
H
L production ! il cgrl::s-\,lcrn?wn
5 | CS:InVEST- ~-arbon XGBoost
i | Carbon Storage and FmEsions.
f NMT fe<" chct 1mpact e MT ; Sequestration
/ ?mmmg/ module
/’ b .‘ E=S
i (Ecosystem Water Ecosystem . L ul /
i| @ Type ® [ntegrity { £ If
i | ® Structure ® Openness H SHAP |
i | @ Function - Particulari H ESDR: ESDM: H
i ) E | Quantity Spatial i i
H H | balance matching e F\ii H
\ H 3 -L |IV:H-H} H
: S i | relationship pattern =g H :
i / \ i i i :
[ Carbon |~ | Grain |} i L i
\ A—————————— v / M. L

Figure 2. Research framework.

3.2.1. Quantification of Both Supply and Demand Sides

(1) Grain production service. Given the significant linear relationship between crop
yield and NDVI [57], this study adopts the NDVI quota method to realize the spatialization
of total GP, which is used to characterize the supply capacity of the ecosystem’s food
production service [34]. Grain demand (GD) is employed to represent the demand for food
production services. Generally, grain demand includes grain for human consumption, feed
grain, seed grain, industrial grain, and losses, but no subdivision is made in the calculation.
The formulas are as follows:

NDVI,;
P =GP ci 1
G GPsym % 4NDVIcsum 1)
GD = GDper x Pop; (2)

In the formula, GP denotes grain yield, GPsym represents the total regional grain
output, NDVI; indicates the NDVI raster value of cultivated land, and NDVIcsum denotes
the total NDVI value of cultivated land. GD stands for grain demand, GDper represents per
capita grain demand, and Pop; refers to the spatially rasterized population distribution.

(2) Water supply service. This study uses the Annual Water Yield module of the
InVEST model to calculate water yield, which is used to characterize the supply capacity
of the ecosystem’s water supply service. Its basic principle is the Budyko hydrothermal
balance equation, i.e., water yield equals the difference between precipitation and actual
evapotranspiration [58]. Water use (WU) is adopted to represent the demand for water
supply service, including farmland irrigation water use, forestry, fruit, livestock, and
poultry water use, production and domestic water use, and ecological water supplement.
Based on different land use types, the spatialization of total water use is realized by the
NDVI quota method and the population density quota method, respectively. The formulas
are as follows:

AET;
WYi = (1 — Z) X Pi (3)
P;
NDVI i Vlfi POP. WU
WU = WU, x ——— + WU x —° + WU, x i —¢ 4
€ NDV Iesum /7 NDVlIum P Popsum | wgTidsum @)

In the formula, WY; denotes the raster-derived water yield, AET; represents the raster-
based actual evapotranspiration, and P; indicates the raster-based precipitation. Detailed
procedures and parameter principles are detailed in the InVEST model User’s Guide and
will not be repeated here. WU stands for water use, with WU, WU, WU, and WU,
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representing total irrigation water use for farmland, forestry and fruit crops, livestock and
poultry, industrial and domestic water use, and ecological replenishment, respectively.
NDVI; and NDVI,; are the raster values of NDVI for cultivated land and forest/grassland,
while NDVIum and NDVl,,, denote their respective total values. Pop; indicates the
spatially distributed population raster, Popsum represents the total regional population,
and wgridsym denotes the number of water body rasters.

(3) Carbon sequestration service. This study uses the Carbon Storage and Sequestration
module of the INVEST model to calculate carbon storage, which is used to characterize the
supply capacity of the ecosystem’s carbon sequestration service. A carbon density table is
formulated with reference to relevant studies on the Nansi Lake Basin and Yanzhou Mining
Area [59,60]. Carbon emissions (CE) are employed to represent the demand for carbon
sequestration service, and the population quota method is used to realize the spatialization
of total carbon emissions. The formulas are as follows:

Ctot = Cahove + Cbelow + Csoil =+ Cdead (5)
Pop;
E=CE
C CEsym X Popsum (6)

In the formula, Ciot denotes the total carbon sequestration in terrestrial ecosystems,
Cabove represents carbon sequestration in above-ground components, Cpejoy indicates car-
bon sequestration in below-ground components, Cq; stands for soil carbon sequestration,
and Cgeaq refers to carbon sequestration in dead organic matter. CEgyn, is the total regional
carbon emissions, Pop; denotes the spatial distribution of the population in raster format,
and Popsum represents the total regional population.

3.2.2. Quantitative Matching Analysis: ESDR

The ESDR is a core indicator to measure the matching relationship between the supply
capacity and the intensity of demand for ESs, which can reflect the balance state of supply
and demand for ESs [61]. The calculation formula is as follows:

ES—ED

ESDR = 7
(ESmax + EDmax) +2 @

In this formula, ESDR is defined as the ratio of ESs supply to demand, where ES
represents the supply and ED the demand. ESDRpax and ESDR,i, denote the maximum
supply and demand levels, respectively. A positive ESDR indicates an oversupply (surplus),
a negative ESDR indicates undersupply (deficit), while ESDR = 0 signifies equilibrium.

3.2.3. Spatial Matching Analysis: Based on the Four Quadrants Model

The four-quadrant model is introduced to reveal the ESDM pattern [62]. Its core logic
involves: after applying Z-core standardization to both supply and demand quantities, a
two-dimensional coordinate system is constructed with supply level (x-axis) and demand
level (y-axis). By setting thresholds, spatial units are categorized into four quadrants:
type I (high supply/high demand, spatial alignment), type II (high supply/low demand,
spatial mismatch), type III (low supply/low demand, spatial alignment), and type IV (low
supply/high demand, spatial mismatch). This classification enables analysis of spatial
matching characteristics within each quadrant and identification of regions with prominent
supply—-demand conflicts. The Z-core standardization formula is:
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In this formula, Z represents the standardized raster value of ESs supply and demand,
x denotes the original raster value, 1 is the mean, and o is the standard deviation. Both p
and o are available in the raster properties of ArcGIS10.2.

3.2.4. Driving Factor Analysis Based on XGBoost-SHAP

This section analyzes the driving factors of the ESDR in the CGOA using XGBoost-SHAP,
which integrates the strong predictive power of XGBoost with the interpretability of SHAP
values. First, the machine learning model captures complex driving mechanisms; then, the
interpretation tool quantifies the contribution intensity and direction of each factor; finally,
it reveals the underlying causes of the regional ESs supply—demand relationship [47,48,51].
Before constructing the XGBoost algorithm, it is necessary to test the independence among
evaluation factors. High correlation among factors will seriously impair the scientific
validity and accuracy of the model, so multicollinearity between factors should be avoided.
The Pearson Correlation Coefficient (PCC) was adopted to preliminarily evaluate the
correlation between driving factors, and the formula is given as follows.

o COZ)(XZ', X]>

PCC= ———— 12 9
F(X)o (%) ®

In the formula, PCC refers to the Pearson correlation coefficient between factors;
Cov(X;,Yj) denotes the covariance between variable X; and variable X;; 0(X;), o(X;) represent
the standard deviations of variable X; and variable Yj, respectively. The value range of
PCC is (—1, 1). The positive or negative sign of the coefficient reflects the direction of the
linear correlation between factors (positive or negative correlation), and the absolute value
indicates the strength of the correlation. It is generally recognized that when (1 PCC | > 0.8),
there is a strong linear correlation between factors; when (0.5 < | PCC | < 0.8), the correlation
is moderate; when (IPCC| < 0.5), the linear correlation between factors is weak, and
the multicollinearity in this case is not significant enough to interfere with the model’s
identification of the independent effects of each factor.

XGBoost iteratively trains multiple weak decision trees (CART) to fit the residuals of
previous models, ultimately achieving integrated strong predictive power. The objective
function of XGBoost consists of two parts: the loss function and the regularization term.

n t
b = Y L (") + 1 Qfw) (10)
i=1 m=1

In this formula, ' denotes the predicted value of the i-th sample at the t-th step, L(*)
represents the loss function, and Q)(fy,) is the regularization term for the m-th tree. XGBoost
employs a forward stepwise algorithm, optimizing only the current tree ft at each step.
By approximating the loss function with a second-order Taylor expansion, the objective
function can be further simplified to:

n

OB = 3 [gifi(ox) + hifi )z | +Of) ()
i=1

In this formula, g; denotes the first derivative of the data point with respect to the loss
function, while hi represents its second derivative.

SHAP leverages the Shapley value from cooperative game theory to quantify each
feature’s marginal contribution to predictions, thereby enhancing model interpretabil-
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ity [54]. For a model with K features, the Shapley value ¢; of feature i represents its average
marginal contribution across all possible feature subset combinations.

Qi = Z

SCR\{i}

St > ([F| = [S] = 1)!
!

[p(SU{i}) —o(S)] (12)

In this formula, F denotes the complete set of features, S represents the subset exclud-
ing feature i, and v(S) indicates the model’s prediction output when using only subset S.

To improve model operation efficiency, the raster layers of these 16 driving factors
were divided into 500 m x 500 m grids using the Fishnet tool in ArcGIS, and the raster
values were extracted to the center points of the grids. Taking the GP_ESDR, WY_ESDR,
and CS_ESDR as dependent variables, and the 16 driving factors as independent variables,
XGBoost-SHAP analysis was implemented based on Python3.12. The maximum number of
iterations was set to 30, and the dataset was split into a training set and a test set at a ratio
of 7:3 to verify the model fitting performance. On this basis, a combined SHAP feature
importance plot was generated to compare the differences in driving factors between MT
and NMT areas, and to explore the driving mechanism of the ESs supply-demand pattern
in CGOAs.

4. Results

4.1. Spatial-Temporal Variation Characteristics of ESs Supply and Demand
4.1.1. Analysis of the Spatio-Temporal Changes in the Supply and Demand Quantity
of ESs

As can be seen from Figure 3, the GP, WY, and CS services in the region all exhibit
strong spatial heterogeneity. The high-value areas of the GP service are distributed in the
eastern and western parts of Nansi Lake and the Wensi concentrated farmland areas, where
the terrain is flat, the soil is fertile, and the area of cultivated land is extensive. The low-
value areas of GP services are primarily distributed in the Nansi Lake area, urban built-up
areas, and the eastern mountainous areas, with scattered cultivated land and an expanding
urban footprint. The spatial pattern of the WY service is greatly affected by the interannual
variation in precipitation, showing an overall pattern of low in the northwest and high
in the southeast, with the main high-value areas distributed in the eastern mountainous
areas and urban built-up areas, and the low-value areas are mainly distributed in the Nansi
Lake area and the northwestern corner of the region. The high-value areas of the CS service
are scattered, mainly in the mountainous forest-grassland areas of the eastern part of the
region; the medium-value areas are mainly cultivated land, with the widest distribution;
and the low-value areas are urban built-up areas and the Nansi Lake area. A horizontal
comparison of the spatial patterns of the three ESs reveals a certain degree of similarity;
that is, the GP service, WY service, and CS service capacities in the Nansi Lake area and
urban built-up areas are all in a weak state. A longitudinal comparison between 2000 and
2020 reveals that the low-value zones of GP and CS services and the high-value zones of
WY service all expanded, showcasing a consistent pattern with urban sprawl.

As can be seen from Figure 4, the GD, WU, and CE in the region all exhibit strong
spatial heterogeneity. The high-value areas of GD are mainly distributed in the built-
up areas of cities and townships, while low-value areas are mainly located in the Nansi
Lake area and the vast farmland areas. The high-value areas of WU are also mainly
distributed in the built-up areas of cities and townships, the medium-value areas are
mainly distributed in farmland areas, and the low-value areas are mainly in the Nansi
Lake area. The spatial distribution pattern of CE is similar to that of grain demand, with
high-value areas mainly concentrated in the built-up areas of cities and townships, as well
as along major transportation routes, where residents’ daily life, industrial production, and
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motor vehicle use all emit large amounts of carbon dioxide. A longitudinal comparison
from 2000 to 2020 shows that the high-value areas of the three service demands expanded,
accompanied by a concomitant contraction of their low-value areas—a pattern that aligns
with urban spatial expansion. Overall, the spatial patterns of GD, WU, and CE in the region
share a certain similarity, that is, the high-value areas highly overlap with the core areas of
human activities, which intuitively reflects the important driving role of human activities
on the structure and function of ecosystems.
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Figure 3. Spatial distribution of ESs supply from 2000 to 2020: (al) 2000GP; (a2) 2000WY;
(a3) 2000CS; (b1) 2005GP; (b2) 2005WY; (b3) 2005CS; (c1) 2010GP; (c2) 2010WY; (c3) 2010CS;
(d1) 2015GP; (d2) 2015WY; (d3) 2015CS; (e1) 2020GP; (e2) 2020WY; (e3) 2020CS.

As shown in Figure 5, significant changes occurred in the supply and demand of
GP, WY, and CS services within the region during the period 2000-2020. The total GP
service increased from approximately 0.071 billion tons to about 0.10 billion tons, with the
yield per unit area rising from 3.40 t/ha to 4.84 t/ha. Meanwhile, the total GD grew from
about 0.053 billion tons to around 0.061 billion tons, and the demand per unit area was
3.13 t/ha in the NMT area and 2.25 t/ha in the MT area, indicating that the growth rate of
production exceeded that of demand. WY service showed notable interannual fluctuations,
with values of 3.29 billion m?, 6.526 billion m?, 4.33 billion m?, 4.246 billion m3, and
5.875 billion m? in 2000, 2005, 2010, 2015, and 2020, respectively. In contrast, WU decreased
from 4.878 billion m? to 4.339 billion m> over the same period, reflecting improved water—
use efficiency. CS service declined from about 1.95 billion tons to approximately 1.92 billion
tons, resulting in a loss of over 0.02 billion tons of carbon sink over the 20 years. In contrast,
CE surged from around 0.43 billion tons to about 1.31 billion tons, nearly tripling. For all
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indicators, the intensity in the NMT area was higher than that in the MT area, including GP
per unit area (4.34 vs. 3.70 t/ha), WY per unit area (2523.52 vs. 2112.86 m?/ha), and CS per
unit area (96.12 vs. 93.23 t/ha). Likewise, the intensities of demand and emissions were
also more pronounced in the NMT area.
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Figure 4. Spatial distribution of ESs demand from 2000 to 2020: (al) 2000GD; (a2) 2000WU;
(a3) 2000CE; (b1) 2005GD; (b2) 2005WU; (b3) 2005CE; (c1) 2010GD; (c2) 2010WU; (c3) 2010CE;
(d1) 2015GD; (d2) 2015WU; (d3) 2015CE; (e1) 2020GD; (e2) 2020WU; (e3) 2020CE.
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Figure 5. Changes and trends in ESs supply and demand from 2000 to 2020.
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4.1.2. Analysis of Spatial-Temporal Variation in ESDR

As can be seen from Figure 6, the grain production ESDR (GP_ESDR), water yield
ESDR (WY_ESDR), and carbon sequestration ESDR (CS_ESDR) all exhibit strong spatial
heterogeneity, with significant changes in their spatial patterns over the years. The high-
value areas of the GP_ESDR are in the concentrated farmland areas; the medium-value
areas are in the Nansi Lake area and eastern mountainous areas; and the low-value areas
are distributed in the built-up areas of various cities and towns. The spatial heterogeneity
and interannual volatility of the WY_ESDR are more obvious, which is also related to the
uneven interannual distribution of precipitation. The WY_ESDR is higher in the south than
in the north, higher in the east than in the west, higher in mountainous areas than in plain
and lake areas, and higher in urban centers than in suburbs and rural areas. In 2000, 2010,
and 2015, the WY_ESDR in most areas was less than 0; in 2005, it was greater than 0 in
most areas; and in 2020, the areas of high-value and low-value regions were roughly equal.
The high-value areas of the CS_ESDR are mainly located in the eastern mountainous areas
and concentrated farmland areas, which are the main sources of carbon sinks in the region;
the medium-value areas are mainly distributed in the Nansi Lake area, the outskirts of
cities and towns, and near rural residential areas, the low-value areas are distributed in
the built-up areas of various cities and towns. From an overall perspective, the high-value
zones of GP_ESDR expanded, whereas those of CS_ESDR contracted. Despite pronounced
interannual variability in WY_ESDR, a persistent WY service deficit was maintained in the
northwestern region.

As can be seen from Figure 7, during the period 2000-2020, the GP_ESDR, WY_ESDR,
and CS_ESDR all underwent significant changes. The GP_ESDR has consistently main-
tained a surplus state where supply exceeds demand; except for a slight decrease in 2005,
the ratio generally showed a continuous upward trend. It should be stressed that be-
fore 2015, the GP_ESDR of MT was higher than that of NMT, but NMT surpassed MT
in 2020. The WY_ESDR fluctuated widely over the years, with supply deficits in 2000,
2010, and 2015, highlighting the dilemma of a regional surface water resource shortage.
Additionally, the WY_ESDR of MT was lower than that of NMT. CS_ESDR has consistently
maintained a surplus status, albeit showing a persistent decline that is now approaching
the deficit threshold. Nevertheless, the rate of this decline has moderated. Simultaneously,
the CS_ESDR of MT was higher than that of NMT.

4.1.3. Analysis of the Current Spatial Pattern of ESDM

As shown in Figure 8, the patterns of regional grain production ESDM (GP_ESDM),
water yield ESDM (WY_ESDM), and carbon sequestration ESDM (CS_ESDM) exhibit
spatial heterogeneity, with a pronounced spatial mismatch between supply and demand
areas. GP_ESDM is predominantly characterized by Type 1I, which extensively covers
non-urban agricultural regions. This is followed by Type III, mainly distributed in the
Nansi Lake area and the eastern mountainous region. Type IV appears next, primarily
located in multiple urban built-up areas. Type I covers the smallest and relatively most
fragmented area, mostly around some rural settlements. WY_ESDM demonstrates more
distinct spatial heterogeneity. Overall, the southeastern part of the region is dominated
by Type I and Type II patterns. However, Type IV predominates in the western part. The
spatial pattern of CS_ESDM is similar to that of GP_ESDM, with Type II being the most
common. Type III is mainly distributed in the Nansi Lake area, while Type IV is primarily
found in urban areas with intensive human production and living activities.
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Figure 6. Spatial distribution of ESDR from 2000 to 2020: (al) 2000GP_ESDR; (a2) 2000WY_ESDR;
(a3) 2000CS_ESDR; (b1) 2005GP_ESDR; (b2) 2005WY_ESDR; (b3) 2005CS_ESDR; (c1) 2010GP_ESDR;
(c2) 2010WY_ESDR; (c3) 2010CS_ESDR; (d1) 2015GP_ESDR; (d2) 2015WY_ESDR; (d3) 2015CS_ESDR;
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Figure 7. The changing trend of ESDR from 2000 to 2020.
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Figure 8. Spatial distribution of ESDM: (a) GP_ESDM,; (b) WY_ESDM; (c) CS_ESDM.

Table 2 presents the proportional distribution of GP_ESDM, WY_ESDM, and
CS_ESDM types. Overall, GP_ESDM and CS_ESDM are highly similar in structure. Both
are dominated by Type II, accounting for 63.60% and 68.19%, respectively. Type I has the
lowest proportion in both, each around 4%. The proportions of Type III and Type IV are
also relatively close: Type III accounts for 22.78% and 18.19%, respectively, while Type IV
accounts for less than 10% in both. In sharp contrast, WY shows a significantly different
ESDM structure, with Type II accounting for only 22.04%, while Type III and Type IV have
relatively higher proportions, together exceeding 70%.

Table 2. Proportions of various ESDM patterns in the entire region.

ESDM Type GP_ESDM WYESDM CS_ESDM
I 4.05% 7.27% 4.39%
II 63.60% 22.04% 68.19%
I 22.78% 36.28% 18.19%
v 9.57% 34.41% 9.23%

A double-ring proportional chart (Figure 9) is used to illustrate the similarities and
differences in the ESDM quantity structure between the MT and NMT areas, with the inner
ring representing the MT area and the outer ring representing the NMT area. Consistent
with the overall regional pattern, the structures of GP_ESDM and CS_ESDM are highly
similar in both MT and NMT, with Type Il being the dominant pattern in each, accounting
for over 50% in both areas. Additionally, WY_ESDM in both MT and NMT is primarily
characterized by Type III and Type IV patterns. In terms of regional differences between
MT and NMT, the proportion of Type III ESDM for all three ESs is higher in MT than in
NMT. Conversely, the proportion of Type II for both GP_ESDM and CS_ESDM is higher in
NMT than in MT, and the proportion of Type IV for WY_ESDM is also higher in NMT than
in MT.

GP_ESDM WY_ESDM CS_ESDM

Figure 9. Proportions of ESDM patterns in MT and NMT regions.
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4.2. Analysis of Driving Factors in the Supply and Demand Balance of ESs
4.2.1. Correlation Analysis of Driving Factors

The efficiency of ecosystems is regulated by multiple factors, including climate, geo-
morphology, land use, and socioeconomic activities. The supply-demand pattern of ESs in
CGOAs is the result of the combined effects of the natural background and human activities.
In this study, in accordance with the principles of scientific rigor, comprehensiveness, and
data availability, and considering the balance between natural environment factors and hu-
man activity factors, 16 driving factors were systematically selected for analysis, including
8 natural environment factors and 8 human activity factors. Natural environment factors
cover four aspects: topography, climate, soil, and vegetation. Among them, topographic
factors include elevation (X1) and slope (X2); climatic factors include temperature (X3),
precipitation (X4), and potential evapotranspiration (X5); soil factors include soil layer
thickness (X6) and soil fertility (represented by organic matter content, X7); and vegetation
factors include NDVI (X8). Human activity factors cover three aspects: urban expansion,
agricultural production, and mineral resource development. Among them, urban expan-
sion factors include land use intensity (X9), GDP (X10), night-time light (X11), road network
density (X12), and population density (X13); agricultural production factors include the
proportion of irrigated farmland (X14); and mineral resource development factors include
coal mine density (X15) and coal mining subsidence area status (X16).

The correlation heatmap among driving factors was plotted using the corrplot package
in R4.3.2. As shown in Figure 10, the absolute values of the correlations between X1 and X6,
and between X10 and X11, are close to 0.5 but do not exceed the critical value; the absolute
values of most other driving factors are below 0.3. Therefore, the evaluation factors selected
in this study meet the correlation requirements and can all be used.

X1
X2 0.8
X3
X4 06
X5
X6
X7 - 0.2
X8
X9
X10 r—0.2
X11

04
X12

X13
—0.6
X14
X15 —0.8

X16

Figure 10. Driver factor Heatmap of Pearson correlation coefficients.
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4.2.2. Importance Analysis of Driving Factors

As revealed by the XGBoost simulation results, the R? of all training sets exceeded
0.98, and the R? of all test sets exceeded 0.97. This indicates that the model achieved high
accuracy on both the training and test sets, with no overfitting occurring, and exhibited ex-
cellent generalization ability. The trained XGBoost model demonstrated high accuracy and
stability; thus, the subsequent SHAP value analysis using this model is highly reliable and
suitable for analyzing the driving factors of ESs supply and demand patterns in CGOAs.

The combined SHAP feature importance plot can intuitively characterize the con-
tribution degree and effect of all driving factors on the ESDR (Figure 11). In MT areas,
factors such as X13 and X9 had the strongest importance: their contribution degrees to the
GP_ESDR were 39.5% and 36.8%, respectively, to the WY_ESDR were 18.2% and 72.3%,
respectively, and to the CS_ESDR were 81.2% and 12.4%, respectively. In NMT areas, X13
and X9 also had the strongest importance: their contribution degrees to the GP_ESDR were
51.6% and 33.8%, respectively, to the WY_ESDR were 22.4% and 54.4%, respectively, and to
the CS_ESDR were 76.3% and 11.2%, respectively. From the overall contribution degree of
the above driving factors, human activities are undoubtedly the dominant factors affecting
the balance of ESs supply and demand. The impacts of natural environment factors and
mineral resource development factors are relatively weak overall. Compared with the
other two ESs, the WY_ESDR is more affected by natural environment factors, such as X4,
X6, and X8. The influence of mineral resource development factors on the balance of ESs
supply and demand in MT areas is stronger than that in NMT areas. Among these factors,
the importance of X16 in GP, WY, and CS ranked 4th, 9th, and 5th, respectively.
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Figure 11. Driving factors of the ESs supply-demand relationship and their importance with SHAP
combination charts.

After identifying the dominant driving factors of the ESs supply-demand pattern in
CGOAs, the driving mechanism was further analyzed. Overall, low characteristic values of
factors such as X9 and X13 are concentrated in the positive value region of SHAP, which
indicates that low-intensity human activities can increase the ESDR. Correspondingly,
high-intensity human activities exacerbate the imbalance between the supply and demand
sides of ESs through population agglomeration, a surge in demand, and the reshaping of
surface landscapes. In terms of GP service, whether in MT areas or NMT areas, the increase
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in X8 and the X14 will improve their supply-demand balance; irrigation is an important
factor ensuring the growth of food crops in arid farmlands in the region, while NDVI can
accurately characterize the growth status of crops and directly act on the supply side of
grain production. In WY service, high characteristic values of X4 are concentrated in the
positive value region of SHAP, as the main source of surface runoff in the region, abundant
precipitation can directly enhance water production capacity. In contrast, high characteristic
values of factors such as X8 and X6 are concentrated in the negative value region of the
dependent variable, and these factors reduce the supply of surface water resources by
inhibiting runoff generation and increasing infiltration. In CS service, SHAP values of low
NDVI are mostly negative, which reflects that vegetation serves as the core carrier of carbon
sequestration; insufficient vegetation coverage will weaken carbon sequestration capacity,
and vegetation destruction will directly lead to carbon sink loss. In addition, it is worth
noting that in MT areas, X16 mainly acts on the supply side of GP, WY, and CS service. Coal
mining subsidence areas in high phreatic level mining areas will form subsidence basins
and subsidence waterlogging, and the loss of cultivated land, runoff, and carbon sinks will
worsen the supply—demand imbalance.

4.2.3. Dependence Analysis of Driving Factors

The complex driving mechanism of the balance between supply and demand of ESs in
CGOAs was analyzed using SHAP dependence plots of key driving factors. In this study;,
the top three key driving factors affecting the ESDR of each ES in the MT and NMT areas
were selected, respectively, mainly including X9, X13, X14, X8, and X4, details are shown in
Figures 12 and 13.
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Figure 12. SHAP dependence plots for the three key driving factors of ES balance in the MT region.

Human activity factors showed significant differences in the direction and intensity
of their impact on the ESDR of different services. The impact of X9 on GP_ESDR exhibits
a nonlinear effect, with increasing land use intensity initially inhibiting, then promoting,
and finally inhibiting again. This suggests that appropriate land development can facilitate
GP supply—demand balance through the optimization of agricultural patterns, whereas,
conversely, overdevelopment is likely to undermine it. Its impact on WY service showed a
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continuous promotion trend, indicating that the increase in land use intensity promotes the
generation of surface runoff by changing the hydrological process of the underlying surface,
thereby alleviating the imbalance between supply and demand of water resources. For the
supply—demand of CS service, it showed a continuous inhibition effect, demonstrating that
high-intensity human activities weaken the carbon sequestration capacity of ecosystems;
in addition, high-intensity land use is generally accompanied by large amounts of carbon
emissions, which further deteriorate the balance between supply and demand of CS. The
X13 exhibited a linear inhibition effect on the supply-demand of all three ESs, because
areas with concentrated populations face increased pressure from grain demand, domestic
and production water consumption, and carbon emissions, which exacerbate the supply-
demand contradictions of GP, WY, and CS from the demand side. The X14 showed a
non-linear response of high-threshold promotion to the supply-demand of GP service, in
MT areas, when the proportion of irrigated farmland exceeded 55% (the threshold was 72%
in NMT areas), the SHAP value turned from negative to positive and increased, reflecting
that sufficient irrigation water is one of the core guarantees for grain yield in arid farmlands
in northern China. Correspondingly, in MT areas, the X14 replaced X4 as one of the key
driving factors affecting the supply—demand of WY service, showing a high-threshold
inhibition response; high proportions of irrigated farmland increase the demand for water
resources through large-scale artificial water extraction for irrigation.
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Figure 13. SHAP dependence plots for the three key driving factors of ES balance in the NMT region.

Natural environment factors (X4, X8) had more targeted driving effects on specific
services. Among them, X4 only showed a significant effect on the WY service in NMT
areas, presenting a non-linear response of high-threshold promotion, when the annual
precipitation exceeded 700 mm, the SHAP value quickly turned from negative to positive,
indicating that precipitation is the core source on the supply side of WY, and the improve-
ment of WY capacity under high precipitation conditions can directly promote the balance
between supply and demand of WY. The X8 only showed a significant effect on CS service,
also presenting a high-threshold promotion pattern: the threshold was 0.46 in NMT areas,
while it increased to 0.6 in MT areas. This reflects the direct support of NDVI to the supply
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side of CS service; higher vegetation coverage leads to stronger CS capacity of ecosystems,
which is more conducive to improving the imbalance between supply and demand.

5. Discussion
5.1. Key Characteristics of the ESs Supply Demand Relationship in Typical CGOA

Through a spatio-temporal analysis of ESs supply and demand in the typical CGOA
of the Nansi Lake Basin from 2000 to 2020, this study reveals the main patterns of change
in the supply and demand of various ESs. Firstly, although GP service showed an overall
upward trend and consistently maintained a supply—demand surplus, this was primarily
attributable to increased yield per unit area facilitated by factors such as advancements
in agricultural technology [62]. Conversely, regional cultivated land area has been con-
tinuously shrinking under pressure from urbanization and mineral resource extraction,
leading to significant non-agricultural conversion of farmland [63]. Secondly, precipitation
is the main source of recharge for surface water resources in the region. However, due to
significant interannual fluctuations in precipitation, surface water supply exhibits high
instability, with overall supply-demand deficits occurring in 2000, 2005, and 2010. Frequent
localized water supply—demand deficits, particularly severe in the western region, highlight
the vulnerability of water security and increase the likelihood of dependency on inter-basin
water transfers or groundwater over-exploitation [64]. Finally, the imbalance in CS service
supply and demand is the most critical. The rapid growth of carbon emissions continues to
erode the existing carbon sink surplus [65], with the CS_ESDR index continuously declining
and approaching the critical threshold of a supply-demand deficit. If this trend continues,
we can boldly predict that the region will exhaust all its carbon sequestration surplus
around 2030.

5.2. Differential Impacts of Human Activities on ESs Supply Demand Relationships Under
Natural Background Constraints and Carrying Capacity

The spatio-temporal differentiation of ESs supply and demand revealed in this study
is essentially the result of the coupling of the regional natural environment background
and human activities [66]. The Nansi Lake Basin features flat terrain, fertile soil, and a
suitable climate, making it suitable for large-scale agricultural production and concentrated
human settlements. Therefore, contiguous farmland concentration areas and block-shaped
artificial surfaces interspersed within them are the main landscape types of the region [67].
This pattern is common in most CGOAs in eastern China, such as the Huainan Mining
Area and Huaibei Mining Area [68,69]. The supply-demand pattern of ecosystems in NMT
areas is mainly affected by urbanization; the rapid expansion of urban boundaries has
encroached on a large amount of arable land and ecological space, reducing the potential
of grain production and causing the loss of farmland carbon sinks. At the same time,
population migration from rural to urban areas and the expanding scale of the urban
population have also changed the demand pattern. In contrast, the supply—demand pattern
in MT areas is subject to dual pressures from both urbanization and mineral resource
development. Underground coal mining activities have exacerbated land subsidence, land
loss, hydrological process disruption, and ecosystem degradation, further weakening the
supply function of ecosystems [60]. This also confirms the trend observed in this study,
where GP_ESDR in the NMT region has surpassed that in the MT region.

5.3. Nonlinear Driving Mechanisms Dominated by Human Activities: An Analysis of ESs Supply
Demand Patterns in CGOAs

This study integrates the XGBoost-SHAP model to reveal the complex driving mecha-
nisms behind the supply—demand patterns of ESs in the CGOA. The analysis indicates that
human activities are the dominant factor shaping these patterns, with land use intensity
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and population density exerting the most significant influence on the ESDR. This confirms
that urbanization and population concentration constitute the core pressures leading to
regional ecological imbalances [70]. Notably, the driving mechanisms exhibit nonlinearity
and threshold effects. For example, the positive impact of irrigated cropland proportion and
NDVI on ESs emerges only after reaching certain thresholds, while the influence of land use
intensity on grain production fluctuates, with moderate land development being beneficial
for improving the GP_ESDR. Furthermore, the unique stress from coal mining subsidence
in the MT area clearly reveals the distinct characteristics of driving mechanisms inside
versus outside mining zones, emphasizing the importance of mineral resource exploita-
tion as a region-specific driving force [71]. In summary, regional ESs management must
acknowledge the dominance of human activities and focus on the nonlinear interactions
and spatial heterogeneity of driving factors. For mining-affected areas like MT, targeted
measures are urgently needed to remediate the damage caused by coal mining subsidence
to the ecological supply side. At the broader regional level, it is essential to optimize land
use structure and regulate human activity intensity to synergistically enhance ecosystem
sustainability from both the supply and demand sides.

6. Limitations

This study still has certain limitations. First, the MT and NMT areas were compared
and analyzed as a precondition based on the status of mineral resource development, but
this zoning approach is relatively crude and relies on the researchers” own experience.
No spatial clustering methods or comprehensive indicator systems were used to conduct
objective ecological management zoning. Second, there are limitations in the scale and
accuracy of data: downscaling of multi-source socioeconomic data will inevitably introduce
errors, and CE data rely on the population quota method, making it difficult to capture the
characteristics of concentrated emissions from industrial production. Third, the coverage
of service types is limited: only the GP_ESDM, WY_ESDM, and CS_ESDM sequestration
was analyzed, and other types of ESs were not included for a comprehensive assessment.

Future research can be improved in three aspects: First, optimize the zoning method
by constructing an objective zoning system combining indicators such as territorial spatial
planning, mineral resource development plans, ecological vulnerability, and ecological
resilience to lay a foundation for differentiated management. Second, explore and inte-
grate high-resolution, long-time-series earth observation data and socioeconomic statistics,
improve existing assessment methods, and calibrate model parameters to enhance the
accuracy of supply—-demand quantification. Third, expand the types of ESs for assessment,
explore the spatial transmission processes of ESs, deepen research on cross-regional supply—
demand coordination mechanisms and ecological compensation standards, and provide
more comprehensive scientific support for refined ecological management in CGOAs.

7. Conclusions

Taking the CGOAs in eastern China as the research object, this study explored the
spatio-temporal evolution laws of ESs supply and demand and differences in driving factors
across different element-based zones using comprehensive ESs models and interpretable
machine learning algorithms. The results show that there are significant spatio-temporal
differentiation characteristics in the supply and demand of regional ESs. GP service
maintained a long-term supply surplus, mainly dominated by the Type Il ESDM pattern,
but the supply surplus potential in MT areas was weaker than that in NMT areas. WY
service exhibited significant interannual fluctuations in supply—demand balance, and most
regions were in a supply deficit status in most years, mainly characterized by the Type IV
ESDM pattern, which reveals the dilemma of regional structural water resource shortage.
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The supply surplus of CS service continued to decline due to decreased carbon storage and
a surge in carbon emissions; meanwhile, urban built-up areas, as supply-demand deficit
areas, expanded year by year, posing a risk of carbon deficit in the future. The driving
mechanisms of ESs supply-demand balance in MT and NMT areas share commonalities
while also exhibiting significant differences. Human activities are the core driving force
shaping the ESs supply—demand pattern, but their impact directions and intensities on
different service types are differentiated, and the effects of various factors generally exhibit
nonlinear and threshold effects. Additionally, MT areas are significantly affected by coal
mining subsidence, indicating that large-scale mineral resource exploitation exacerbates
the coordinated pressures among “food security, water resource security, and dual-carbon
goals”. This study clarifies the dynamic change laws and driving mechanisms of ESs supply
and demand in CGOAs, verifies the applicability of the In'VEST model and XGBoost-SHAP
algorithm, and provides a scientific basis for the optimal allocation of regional natural
resources, ecological restoration, and the sustainable development of human-land systems.
Future research should address data and model limitations, expand service types, and
deepen the simulation of spatial transmission of ESs supply and demand to support more
refined ecosystem management.
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