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Identifying and protecting key carbon sink areas is critical for maintaining regional 
ecological security and promoting the healthy development of ecosystems. This 
study investigated the spatial matching relationship between the supply and 
demand of carbon sequestration service (CSS), visualized the direction and 
scale of CSS flows, and combined the XGBoost–SHAP model with Bayesian 
networks to identify driving factors. Results indicated that the Shanxi section in 
Yellow River Basin (SYRB) generally displayed a carbon surplus, with the 
supply–demand ratio of CSS forming a spatial pattern of “low in urban areas 
and high in mountainous regions.” High-elevation areas such as the Lvliang 
Mountains, Taiyue Mountains, and Zhongtiao Mountains supplied CSS to 
deficit regions including Taiyuan City, Linfen City, and Yuncheng City through 
diverse flow paths. The ellipticity and azimuth angle of the standard deviation 
ellipse showed minimal change, indicating a stable spatial distribution of carbon 
surplus and deficit (CSD). Elevation and mean annual precipitation exerted 
positively effect on CSD, while GDP and population had significant negative 
impacts. From 2000 to 2020, the first-priority areas expanded from 7.82 × 
103 km2 to 13.98 × 103 km2 (a 78.7% increase), while the second-priority areas 
shrank from 34.89 × 103 km2 to 18.00 × 103 km2 (a 48.4% decrease). This study 
enriches the theoretical research on basin-scale ecosystem services and 
contributes to the ecological restoration of the Yellow River Basin and the 
achievement of carbon neutrality goals.
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1 Introduction

Ecosystem services are the sum of all direct or indirect benefits that humans derive from 
the ecosystem, which serves as a material basis for human survival (Gómez-Betancur et al., 
2022; Shukla et al., 2021). Recently, human activities have caused increasing harm to the 
ecological environment, particularly the continuous emission of excessive carbon dioxide. 
Carbon sequestration service (CSS) is one of the most economically and ecologically 
valuable ecosystem services (Ersoy Mirici and Berberoglu, 2024; Yin et al., 2023). 
China’s vast geographical area is characterized by notable differences in carbon sources 
and sinks, along with their spatiotemporal variations across regions. Therefore, under the 
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dual carbon goals, identifying the areas of CSS supply and demand, 
along with their influencing mechanisms in the study region, is 
crucial for formulating regional low-carbon strategies and emission 
reduction pathways.

Multiple studies have shown that the supply and demand of CSS 
often exhibit significant spatiotemporal heterogeneity, resulting in 
notable regional disparities in carbon neutrality pressure (Zhou 
et al., 2024; Pang et al., 2025). Based on the CSS supply–demand 
ratio or carbon budget balance, scholars have identified carbon 
surplus and deficit (CSD) areas at multiple scales (Li et al., 2023; 
Wang Z. et al., 2022; Yang et al., 2024b). Furthermore, some studies 
have comprehensively explored the spatial matching patterns 
between carbon supply and demand, as well as their driving 
factors, using methods such as spatial overlay and bivariate 
spatial autocorrelation (Ding et al., 2023; Duan et al., 2024; Luo 
et al., 2025). However, existing research has predominantly focused 
on static “spatial matching” analyses. Relying solely on 
supply–demand ratios or surplus/deficit status often makes it 
difficult to accurately identify which areas should be prioritized 
for enhancing carbon sequestration functions or regulating carbon 
flows. Effective carbon management requires a systematic revelation 
of the complete pathways of carbon flow—specifically, clarifying the 
systematic routes of “who provides, where it goes, and who 
consumes” (Xu et al., 2019). Therefore, to better support spatial 
planning and policy formulation, there is an urgent need to 
systematically uncover the spatiotemporal patterns, evolutionary 
characteristics, and driving mechanisms of regional carbon flows.

Quantifying ecosystem service flow can effectively fill the gaps in 
traditional ecosystem service assessment (Wang L. et al., 2022). 
Initially, Bagstad et al. (2014) systematically defined the core 
concepts of ecosystem service flows and constructed the Service 
Path Attribution Network (SPAN) model, laying a methodological 
foundation for the spatial simulation of service flows. The classic 
SPAN model focuses on the spatial matching between service supply 
and demand, emphasizing the identification of spatial paths for 
service flows. However, it lacks sufficient attention to the 
quantitative coupling of natural forces driving service flows. 
Recently, Wang Q. et al. (2022) revealed the interregional 
transport paths of carbon sources and sinks in the Tibetan 
Plateau under prevailing wind based on the network model, 
emphasizing the critical role of atmospheric circulations in the 
flow of CSSs. Ma et al. (2024) introduced the breakpoint model 
and the field strength model, which further revealed the dynamic 
transmission path of the carbonation service flow in space and its 
quantitative support role for the ecological compensation standard. 
Zhu and Gong (2024) integrated the carbon model with spatial 
breakpoint analysis, thereby identifying the CSS flow relationship 

between the high carbon sink area of the Qilian Mountains and the 
urban carbon source area of the Hexi Corridor, which serves as the 
foundation for the establishment of ecological protection priority 
zones. Liu et al. (2025) identified priority areas for ecosystem 
services by analyzing the trade-offs and flow patterns of multiple 
services within the Wuhan urban agglomeration, thereby providing 
spatial guidance for the coordinated allocation of ecological 
resources across administrative boundaries. Existing theories on 
ecosystem service flow primarily focus on describing spatial 
patterns. However, they are relatively weak in analyzing the 
multi-factor nonlinear interactions and collaborative driving 
mechanisms behind service flow. Moreover, there is a lack of 
coupled analysis between natural factors and socio- 
economic factors.

CSD is an important indicator of the balance of CSS and a key 
parameter for the quantitative description of spatial flow processes. 
Current methods, such as linear regression, geographically and 
temporally weighted regression, and geographical detectors, have 
discovered spatial features of CSD and the influence of climate, 
environment, and socioeconomics (Abd-Elmabod et al., 2019). 
However, these methods often provide limited explanatory power 
regarding the complex nonlinear relationships of CSD. The extreme 
gradient boosting (XGBoost) model, compared to elastic net 
regression (Olaya-Abril et al., 2017), random forests (Ding et al., 
2024), and neural networks (Acheampong and Boateng, 2019), 
handles high-dimensional nonlinear data efficiently. XGBoost 
calculates factor importance and the relationship with CSD 
automatically. The SHapley Additive exPlanation (SHAP) model 
is a well-used interpretation model that can enhance XGBoost 
interpretability by identifying important features and variable 
dependencies. Using this approach, Wu et al. (2025) uncovered 
the nonlinear effects of environmental regulation on ecological 
resilience, while Yuan et al. (2024) studied how urban blue–green 
landscapes affect carbon sequestration benefits. Bayesian networks 
are also commonly applied to conservation prioritization 
throughout ecosystems (MacPherson et al., 2018; Smith et al., 
2018). Therefore, a critical issue in current research is to 
effectively integrate the XGBoost–SHAP approach—an 
explainable machine learning method—with the probabilistic 
reasoning of Bayesian networks. This integration is essential for 
analyzing the causes of CSD and guiding the spatial governance of 
carbon sequestration priority areas.

The Yellow River Basin (YRB), an important ecological barrier, 
is also an important energy base that faces severe damage to its 
ecological system. In the Shanxi section in the Yellow River Basin 
(SYRB), problems of ecological imbalance and underdevelopment 
are more acute in the middle reaches (Wang et al., 2024). CSS 
patterns and CSD in the SYRB have been studied to date (Yang 
J. et al., 2024; Zhang et al., 2021). This study aims to fill these gaps by 
addressing three objectives: (1) using a supply–demand ratio and 
CSD to analyze the spatiotemporal balance of CSS supply and 
demand in the SYRB from 2000 to 2020, (2) using the SPAN 
model to explore CSS flow transmission pathways while 
considering dominant wind directions, and (3) integrating 
environmental variables, applying XGBoost–SHAP to identify 
and quantify CSD drivers, and using Bayesian networks to infer 
factor priorities, which provide scientific evidence for CSS 
conservation and policy-making.

Abbreviations: AAP, annual average precipitation; CSD, carbon surplus and 
deficit; CSS, carbon sequestration service; DEM, digital elevation model; GDP, 
gross domestic product; LUI, land use intensity; MAE, mean absolute error; 
MAT, mean average temperature; NLI, nighttime lighting index; NEP, net 
ecosystem productivity; NPP, net primary productivity; NDVI, normalized 
difference vegetation index; POP, population; Rh, soil heterotrophic 
respiration; RMSE, root mean square error; R2, coefficient of determination; 
SHAP, SHapley Additive exPlanation; SOC, soil organic carbon; SPANs, service 
path attribution networks; SYRB, Shanxi section of the Yellow River Basin; 
VOC, vegetation organic carbon; XGBoost, extreme gradient boosting; YRB, 
Yellow River Basin.
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2 Methodology and data sources

2.1 Study area

The SYRB is located in the middle reaches of the YRB, including 
4 cities and 19 counties (Figure 1). It is a vital component of the YRB 
and one of the most severely affected areas by soil erosion on the 
Loess Plateau. The study area has a temperate continental monsoon 
climate with distinct seasons. The mean annual temperature ranges 
from 3 °C to 14 °C, and annual precipitation varies between 350 and 
700 mm (Gao et al., 2022). Dominant land use types include 
cultivated land, forestland, and grassland, followed by 
construction land and water bodies, while unused land accounts 
for only a small proportion (Ma et al., 2025). The SYRB is primarily 
characterized by loess hilly and gully regions, the Rocky Mountains, 
and river valley plains, with relatively limited lowland areas. The 
terrain generally slopes from higher elevations in the northwest to 
lower elevations in the southeast. The main soil types are loessial 
soils, including yellow loessial and cinnamon soils, which have 
strong agricultural potential. However, soil erosion remains a 
prominent issue in this region (Wang et al., 2024).

2.2 Data source

The data used in this study include land use, topographic, 
meteorological, soil, and socioeconomic data, along with calculated 

carbon balance metrics such as CSD and the CSS supply–demand ratio 
(Table 1). Multi-scale CSS supply–demand ratios were aggregated 
from grid-scale results to city and county administrative units using 
zonal statistics, producing mean values for each unit.

Land use intensity (LUI) was generated as a raster by assigning 
intensity grades to 30 m-resolution land use data, which was later 
resampled to 1000 m resolution. Settlement data were extracted 
from the construction land raster in the 30 m land use classification 
and resampled to 1000 m to produce a binary raster. Since only some 
cities of Changzhi, Jinzhong, Yangquan, Xinzhou, Shuozhou, and 
Datong fall within the study area, their city-scale data are for 
reference only.

2.3 Research roadmap

First, based on net primary productivity (NPP) and nighttime 
light data, carbon sources and sinks in the SYRB were calculated to 
assess CSS supply–demand ratios from 2000 to 2020 (Figure 2), and 
the spatiotemporal evolution of CSD was analyzed. Next, within the 
SPAN framework, wind direction and CSD data were integrated to 
analyze CSS flows and identify supply and demand zones. 
Subsequently, socioeconomic and natural factors were 
incorporated into the XGBoost machine learning model to 
examine their effects on CSD from 2000 to 2020. Finally, 
Bayesian network analysis was applied to identify and validate 
priority conservation areas.

FIGURE 1 
Location of the study area. (a) Geographical location of Shanxi Province in China. (b) Geographical location of cities in Shanxi Province. (c) Elevation 
of the Shanxi section of the Yellow River Basin. The counties involved in the article are marked out. Unmarked counties can be viewed in the official website 
(http://xzqh.mca.gov.cn/map/).
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2.3.1 Supply and demand analysis of CSS

Net ecosystem productivity (NEP), defined as the difference 
between NPP and soil heterotrophic respiration (Rh), is widely used 
to assess vegetation’s carbon sequestration capacity and estimate 
carbon supply in supply–demand studies (Lovett et al., 2006; Peichl 
et al., 2023). Rh is usually obtained through the application of 
regression formulas derived from basic climatic 
information—ambient temperature (T) and rainfall (R), against 
soil organic carbon release data (Pei et al., 2009). NEP is then 
calculated as follows: 

NEP � NPP−Rh, (1)

Rh � 0.22 × e0.0913T + ln 0.3145R + 1( )( 􏼁 × 30 × 46.5%, (2)

where NEP denotes the regional total carbon sequestration (kgC/ 
m2·a), NPP represents the net primary productivity (kgC/m2·a), Rh 
indicates heterotrophic soil respiration (kgC/m2·a), T stands for air 
temperature (°C), and P signifies precipitation (mm).

Nighttime light data, commonly applied to study spatiotemporal 
patterns of carbon emissions (Fang et al., 2022), were used to 
represent carbon demand. Adjusted total nighttime light 
brightness and grid-scale nighttime light data were employed: 

DCJ �
DNJ

DNsum

CE, (3)

where DCJ represents the carbon storage demand of the Jth grid, 
DNJ denotes the nighttime light brightness value of the jth grid, 
DNsum signifies the total nighttime light brightness value, and CE 
indicates the total carbon emissions.

This study also introduced the ecosystem services demand ratio 
(ESDR) to evaluate the CSS supply–demand balance (Wu et al., 
2022). The formula is provided as follows: 

ESDR � NEP−DCJ( 􏼁􏼎 NEP +DCJ( 􏼁, (4)

where ESDR represents the supply–demand ratio of ecosystem CSS; 
NEP denotes the supply of CSS; and DCJ signifies the demand for 
CSS. When ESDR <0, it indicates that the regional supply of CSS is 
insufficient to meet demand, classifying the area as a CSS input zone; 
when ESDR >0, it signifies that the regional supply of CSS exceeds 
demand, designating the area as a CSS output zone.

CSD was calculated to represent the balance between regional 
carbon emissions and sinks using the following formula: 

CP � NEP−DCJ, (5)

where CP represents the CSD balance. When CP > 0, it indicates that 
the regional carbon sink exceeds carbon emissions, meaning the 
study area was in a state of carbon surplus; when CP < 0, it signifies 
that regional carbon emissions surpass the carbon sink, indicating a 
carbon deficit.

2.3.2 Machine learning model (XGBoost–SHAP)

The XGBoost model was applied to assess the impact of multiple 
factors on CSD, including elevation (X1), AAP (X2), slope (X3), 

TABLE 1 Data source.

Data type Resolution 
(m)

Data source

Land use/change (LULC) 30 National Geographic Information Resource Directory Service System 
(https://www.webmap.cn/main.do)

Climate environmental 
factors

Mean average temperature (MAT) 
Average annual precipitation (AAP) 
Net primary productivity (NPP) 
Normalized difference vegetation index (NDVI) 
Soil organic carbon (SOC) 
Vegetation organic carbon (VOC)

1000 
1000 
500 
500 
500 
500

Resource and Environmental Science and Data Center, Chinese 
Academy of Sciences (https://www.resdc.cn/)

ARtificial intelligence for Environment & Sustainability (https://aries. 
integratedmodelling.org/)

Digital elevation model (DEM) 
Slope

30 
30

Geographical Spatial Data Cloud (https://www.gscloud.cn/)

Socioeconomic factors Gross domestic product (GDP) 
Population density (POP) 
Nighttime lighting index (NLI) 
Land use intensity (LUI) 
Settlement density

1000 
1000 
1000 
1000 
1000

Resource and Environment Science and Data Center, Chinese 
Academy of Sciences (https://www.resdc.cn/)

FIGURE 2 
Research framework.
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MAT (X4), GDP (X5), LUI (X6), POP (X7), and settlement density 
(X8). The training objective function is provided as follows: 

obj t( ) �􏽘
n

i�1
L yi, ŷ

t
i( 􏼁 +Ω ft( 􏼁 + c, (6)

where L(yi, ŷti ) represents the loss function. yi denotes the actual 
value of carbon surplus or deficit. ŷti stands for the predicted value of 

carbon surplus or deficit for sample i in the tth iteration, generated 
based on the independent variables and constructed influencing 
factors for a single trip. Ω(ft) refers to the regularization term. c is 
the constant term. Among these, the formula for Ω(ft) is as follows: 

Ω ft( 􏼁 � γT +
1
2

λ􏽘
T

t�1
W2

j , (7)

where γ is a parameter that regulates the number of child nodes. λ is a 
regulation parameter that prevents the mean value of the child node in 
the target variable from being too large. T represents the total number 
of nodes. Wj is the weight value of the jth node in the ith decision tree.

To interpret results, the SHAP framework was employed. Based 
on game theory’s Shapley value, SHAP quantifies each feature’s 
contribution to the XGBoost regression model as follows: 

ϕi � 􏽘
S∈N\ i{ }

S| |! N| |− S| |− 1( )

N| |!
] s ∪ i{ }( )− ] s( )[ ]), (8)

where ϕi is the SHAP value of feature i. N is a set of all features. S is a 
subset of features, not including feature i. ](s) is the contribution of 
the feature set S to the model prediction output. ](s ∪ i{ }) is the 
contribution of the feature set s ∪ i{ } containing feature i to the 
model prediction output.

2.3.3 Bayesian network model

A Bayesian belief network (BBN) model was used to evaluate the 
prioritization of CSS across regions. The calculation formula is 
as follows: 

P A|B( ) �
P A|B( ) · P A( )

P B( )
, (9)

where A represents the potential of CSS and B denotes the factors 
influencing CSS.

To construct a BBN model, this study selected 12 driving factors as 
input nodes (X), and CSD served as the target node (Y). This selection 
was based on regional characteristics and relevant literature (Xue et al., 
2017; Peng et al., 2022). All continuous raster data were extracted using 
a systematic 2 km × 2 km sampling grid that overlaid the study area in 
ArcGIS and were uniformly preprocessed. Subsequently, each variable 
was objectively classified into high, medium, and low levels using the 
natural breaks method to extract its hierarchical characteristics 
(Table 2). Based on the discretized data, the network structure was 
further learned, and conditional probability tables were generated 
(Figure 3). Model performance was evaluated using an error 
matrix. Finally, predictions were made on randomly generated 
independent validation points in Netica software, and the overall 
classification accuracy was calculated (Huang et al., 2024).

3 Results

3.1 Spatial matching analysis of CSS supply 
and demand

Figure 4 shows the spatial distribution of the CSS 
supply–demand ratio in SYRB at the city, county, and 1 km 
scales from 2000 to 2020. Here, Equation 4 is calculated based 

TABLE 2 Bayesian belief network factor discretization state criteria 2020.

Factor State Actual value range Unit

DEM Low 243–875 m

Medium 875–1337

High 1337–2766

Slope Low 0.01–2.60 Degree

Medium 2.60–6.03

High 6.03–21.34

AAP Low 413.70–557.67 mm

Medium 557.67–644.05

High 644.05–845.60

MAT Low −1.61–7.92 °C

Medium 7.92–11.25

High 11.25–15.37

NDVI Low 0–0.11

Medium 0.11–0.14

High 0.14–0.23

NPP Low 80.10–363.88 g C m-2 yr-1

Medium 363.88–469.97

High 469.97–756.40

SOC Low 84.00–183.11 t C ha-1

Medium 183.11–294.92

High 294.92–732.00

VOC Low 0.00–4.78 t C ha-1

Medium 4.78–29.66

High 29.66–61.00

POP Low 25–655 Persons km-2

Medium 655–4381

High 4381–15074

GDP Low 74–16359 Yuan km-2

Medium 16,359–77400

High 77,400–207383

NLI Low 0–8.71

Medium 8.71–36.60

High 36.60–222.21
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on the outcomes of Equations 1–3. Across various spatial scales, a 
common distribution pattern is observed: areas with high ratios are 
primarily located in vegetated mountainous regions, whereas areas 
with low ratios are mainly found in densely populated urban areas 
with intensive land use. From 2000 to 2020, the average urban-scale 
supply–demand ratio in the study area decreased from 0.95 to 0.92, 
representing an overall decrease of approximately 3.16%. The rate of 
decline slowed markedly over time, decreasing from 2.11% to 1.08% 
between 2010 and 2020. Considerable heterogeneity was evident 
across cities. Taiyuan City and Shuozhou City experienced the most 
pronounced decreases, with reductions of 5.49% and 6.14%, 
respectively. In contrast, certain cities showed relative stability or 
staged a recovery. For instance, Yangquan and Yuncheng City 
recorded increases of 0.39% and 1.23%, respectively, over the 
period from 2010 to 2020.

In the western mountainous areas of Changzhi, Xinzhou, and the 
northern part of Yangquan City, where forests and grasslands are the 
main types of land use, a high supply–demand ratio was found. This is 
due to the strong carbon sequestration ability of the well-vegetated 
areas. At the county level, the supply–demand ratios ranged from 
0.32 to 0.99. The high supply–demand ratios mainly occurred in 
ecological protection areas and forestry-dominated counties such as 
Yonghe, Jingle, and Daning County. In contrast, low supply–demand 
ratios were observed in Xiaodian District and Zezhou County, where 
carbon emissions exceeded carbon absorption due to high population 
density and industrial activities. At a 1 km grid scale, the 
supply–demand ratio ranged from −0.63 to 1. Areas with low 
supply–demand ratio increased from 3.04% in 2000 to 5.47% in 
2020, mostly concentrated in central built-up areas and surrounding 
farmland, with an annual upward trend. The deficit of carbon sinks 
radiated outward from the urban areas and became more prominent.

The overall city-scale characteristics were too homogeneous to 
identify key areas. At the county level, the low-value area was located 
in the central part of Linfen City, while the high-value area was 
situated in the southern part of Yuncheng City. The 1 km grid scale 
revealed the heterogeneity within each county, with distinct low 
ratio areas in central Linfen City, Yuncheng City, and eastern 
Lvliang City. These results indicate that by refining the 
identifiable spatial scale, more spatial differences can be revealed, 
thereby providing a stronger scientific basis for accurately 
identifying areas where CSS should be prioritized for protection.

3.2 Spatiotemporal variations in CSD

The SYRB’s CSD pattern exhibits deficits in the center and surpluses 
in the surroundings (Equation 5) (Figure 5). From 2000 to 2020, carbon- 
deficient areas expanded outwards. In particular, in Taiyuan City and 
the surrounding urban counties, demand exceeded supply due to 
increased energy use, human activities, and economic development. 
However, the surplus areas are in nature reserves such as Lvliang 
Mountain and Taiyue Mountain. These areas have abundant trees 
and grass and a relatively small population. Thus, the carbon sink 
service (CSS) can meet all the local needs and even provide additional 
carbon - sequestration capacity for the cities.

As shown in Figure 6a, the CSD increased by 15.8 × 108 t from 
2000 to 2020, with an increase rate of 24.38% from 2000 to 2010 and 
26.02% from 2010 to 2020. This increase is attributed to the enhanced 
sequestration capacity and ecological measures. The violin plot 
(Figure 6b) shows the change in the distribution. In 2000, the values 
were concentrated in the range of 20 × 103–40 × 103 t/km2, while in 
2020, they ranged from 30 × 103 to 60 × 103 t/km2, indicating that the 
heterogeneity has been intensifying. The median CSD increased from 

FIGURE 3 
Principle of Bayesian network construction.
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24.39 × 103 t/km2 in 2000 to 39.80 × 103 t/km2 in 2020, a 63.2% increase, 
indicating that the carbon sinks of the SYRB have improved.

Analysis of the Standard Deviation Ellipse and Centroid change 
(Figure 7) indicated that they were oriented in a 

northeast–southwest direction. The areas with high values were 
mainly distributed along the smaller semi-axis, while the larger 
semi-axis demonstrated a directional characteristic. From 2000 to 
2010, the centroid moved 4.5 km to the southwest. Subsequently, 

FIGURE 4 
Spatiotemporal distribution of the multi-scale supply–demand ratio for carbon sequestration service (CSS).

Frontiers in Environmental Science frontiersin.org07

Ma et al. 10.3389/fenvs.2026.1764571

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2026.1764571


from 2010 to 2020, it moved an additional 1.7 km to the south, 
resulting in a total southwestern displacement of 6 km over the 20- 
year period. This demonstrates a gradual shift of the CSD from the 
eastern to the western area and from the northern to the southern 

part, coinciding with rapid urban development. However, the 
centroid remained within Jiexiu County. The ellipticity and 
azimuth angle exhibited minor changes, indicating relatively 
stable compactness and distribution of the CSD.

FIGURE 5 
Changes in CSD of the Shanxi section of the Yellow River Basin (SYRB) from 2000 to 2020.
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3.3 CSS flow simulation

The carbon that is not fixed by vegetation and soil is transported 
to other places by air currents, where it is transformed into organic 
matter and stored for a long period (Brüggemann et al., 2011). 
Therefore, the flow path of CSS is determined by the prevailing 
multi-year wind direction, and the flow volume is estimated based 
on the supply - demand balance. As shown in Figure 8, Linfen City, 
Taiyuan City, and Yuncheng City, which are highly urbanized 
regions, were major demand sources, exhibiting large carbon 
sequestration deficits. Conversely, the Lvliang Mountains, Taiyue 
Mountains, and Zhongtiao Mountains are the main suppliers of CSS 

and have a surplus; thus, they are the main receiving regions in the 
flow network.

From 2000 to 2020, the main direction of CSS flow was the 
transfer of CO2 emissions from the low-land urban demand 
zones to central alpine supply zones. During this period, the 
flows in the central and southern SYRB increased, mainly in the 
northern and western parts of Taiyuan City and the southern 
part of Jinzhong City, peaking in 2020. The Lvliang Mountains, 
as an ecological barrier in the west of SYRB, received surplus 
carbon from urban clusters such as Lvliang, Shuozhou, and 
Xinzhou City. The carbon was transported southeastward to 
offset deficits, while the rest flowed westward out of the study 

FIGURE 6 
Changes in CSD from 2000 to 2020. (a) Bar chart showing total CSD; (b) Violin plot illustrating the distribution of CSD changes.

FIGURE 7 
CSD mass center shift from 2000 to 2020.
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area. In the central SYRB, Taiyue Mountain exhibits a complex 
flow pattern due to varying wind directions. It received unfixed 
carbon from Taiyuan City, Yangquan City, Changzhi City, and 
Jinzhong City through various means. As an ecological barrier in 
the southern SYRB, the Zhongtiao Mountains are of great 
significance in protecting the YRB. Unfixed carbon from 
Yuncheng, Linfen, and Jincheng City was carried and 
deposited on the Zhongtiao Mountains for sequestration. In 
2010, a notable shift in a wind direction in the southern SYRB 
altered the CSS flow, directing unfixed carbon from Linfen City 
southeast direction toward the Taihang Mountains instead of the 
northeast. Overall, the CSS flow of Shanxi Province from 2000 to 
2020 was jointly determined by the supply–demand relationship 
and the prevailing wind direction.

From the analysis of the CSS flow of SYRB from 2000 to 2020, it 
was observed that Linfen City, Lvliang City, and Jinzhong City 
formed three major supply centers (Table 3). The CSS flow volume 
increased considerably; it increased from 4.87 × 108 t, 4.61 × 108 t, 
and 3.66 × 108 t to 8.65 × 108 t, 7.94 × 108 t, and 5.81 × 108 t, 
respectively, with Lvliang City showing the most remarkable 
progress. Jincheng City, Yuncheng City, and Changzhi City also 
served as significant and stable supply regions and their service 
volumes increased simultaneously. On the other hand, the supply 
capacity of cities such as Yangquan City and Shuozhou City was 
relatively weaker. In Taiyuan City, the regional economic and 
population center, although the service volume has increased 
from 1.42 × 108 t to 2.38 × 108 t, considering the high local 
carbon demand, it is necessary for the regional supply–demand 
equilibrium to rely on service inputs from the surplus areas in the 
western and southern regions to balance the local 
insufficient services.

3.4 Driving factors of CSD

Pearson’s correlation results are shown in Figure 9. In 2000, 
X2 had the strongest connection to CSD; both X5 and X6 were 
inversely related to CSD. By 2010, the relationships between most 
variables and CSD had generally become stronger. X2 showed a 
further increase in influence, and the positive correlation between Y 
and X4 also became markedly stronger. In 2020, X2 remained the 
primary driving factor. However, the relevance of X4 witnessed a 
substantial increase, and it emerged as a significant contributor with 
a positive impact. Regarding the interconnection of these driving 

FIGURE 8 
Spatial distribution of the carbon sequestration service (CSS) flow in the study area. The direction of the arrow indicates the flow direction of CSS, 
while the size of the arrow represents the proportion of the CSS flow.

TABLE 3 Carbon sequestration service flow from 2000 to 2020 (×108/t·km-2).

City 2000 2010 2020

Datong 0.11 0.40 0.48

Jincheng 9.36 12.81 17.29

Jinzhong 16.97 25.58 32.15

Linfen 22.69 24.25 33.27

Lvliang 9.25 16.98 31.88

Shuozhou 0.68 1.44 3.67

Taiyuan 7.82 14.46 24.42

Xinzhou 5.79 12.48 14.67

Yangquan 4.56 6.51 3.59

Yuncheng 14.27 19.32 20.33

Changzhi 8.23 4.10 10.85
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variables, X1 consistently exhibited negative correlations with both 
X7 and X8, which indicated a low level of human activity in high- 
altitude areas. In contrast, X4 showed a positive correlation with 
X7 and X8, indicating that population density was higher in warmer 
areas. Additionally, X5 and X7 maintained a strong positive 
relationship throughout the entire time span, which demonstrates 
a close association between economic improvement and the 
population.

To comprehensively assess the influencing factors, this study 
applied the XGBoost–SHAP method. The dataset was partitioned 
into training and testing sets at an 8:2 ratio, and 10-fold cross- 
validation was employed for parameter optimization 
(Equations 6–8). The model performance was evaluated using 
metrics such as the coefficient of determination (R2), root mean 
square error (RMSE), and mean absolute error (MAE) (Ye et al., 
2023). The results indicated that, despite the model showing slight 
overfitting, its overall performance met the requirements for 
subsequent analysis (Table 4).

Figure 10 presents the importance ranking of the driving factors 
based on SHAP values. X2 remained the dominant factor from 
2000 to 2020, but its contribution decreased significantly, decreasing 
from 43.55% in 2000 to 33.98% in 2020. X1 served as a stable positive 
driver, with its contribution consistently ranging between 11% and 
15%. The impact of X4 increased steadily, transitioning from a 
restraining factor to a promoting one after 2010. As the primary 
negative driving factors, X6 and X7 gained greater significance in 
2020. In contrast, the influence of X5 gradually diminished after 

reaching its peak in 2010. The contributions of X3 and X8 remained 
relatively low.

The analysis, combined with the SHAP interaction value matrix, 
indicates that the synergistic effect between some features was 
increasingly influencing the carbon balance, and the impact of 
interactive features was not completely consistent with that of 
independent features, and the evolution of interaction strength did 
not fully align with changes in independent feature importance 
(Figure 11). From 2000 to 2020, the interaction value between 
X1 and X4 increased from 16.19 to 67.61, with a growth rate far 
exceeding the increase in their individual importance. This indicates a 
significant enhancement of the terrain-climate coupling effect in the 
system. The interaction strength between X5 and X7 increased from 
11.01 to 34.24, further confirming the gradual strengthening of the 
synergistic effect among socioeconomic factors. Although 
X2 consistently retained the highest independent contribution, its 
increase in interaction strength was relatively restricted, and it even 
declined in 2010. In summary, CSD not only depends on the 
importance of individual features but is also regulated by the time- 
varying synergistic structure among multiple features.

3.5 Identifying priority areas for CSD

In 2000, the main priority area for carbon sequestration was 
primarily forest land (53.28%), followed by grassland (18.23%). 
Secondary zones were mainly grassland (36.31%) and forest land 
(18.63%) (Equation 9). In 2010, the primary zone was still 
dominated by forest (52.49%) and then by grassland (19.28%). The 
secondary zone included only 7.52% of the land covered by forests and 
27.47% covered by grassland. By 2020, the main priority zone had 
shifted significantly toward grassland, accounting for 37.77%, and forest 
land had decreased to 17.37%. In the same year, the secondary zone was 
mainly distributed on forest land (43.96%) and grassland (38.9%).

In general, from 2000 to 2010, forest land dominated the primary 
priority zone. However, by 2020, grassland became the largest carbon 
sequestration area, particularly in the primary zone, where its share 
witnessed a substantial increase. This phenomenon may be associated 
with the SYRB’s arid and semi-arid climate. In this climate, the drought 
tolerance of grasslands enables them to adapt better to climate change, 
thereby absorbing more carbon (Figure 12).

FIGURE 9 
Influence of driving factors on CSD from 2000 to 2020.

TABLE 4 XGBoost–SHAP model accuracy.

Year Dataset (R2) (RMSE) (MAE)

2000 Training dataset 0.85 0.39 0.29

Testing dataset 0.76 0.48 0.34

2010 Training dataset 0.89 0.40 0.30

Testing dataset 0.85 0.51 0.38

2020 Training dataset 0.85 0.41 0.31

Testing dataset 0.75 0.51 0.39
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4 Discussion

This study employed a multi-scale analysis of CSS supply and 
demand, providing a more comprehensive understanding of its 
spatial heterogeneity. Gao et al. (2025) demonstrated that 
assessing supply–demand mismatches across multiple scales 
prevented local characteristics from being obscured by coarse- 
scale analyses, thereby enabling the formulation of more targeted 
management strategies. The areas identified at the county scale as 
having low supply–demand levels, such as Wanbailin District, 
Xiaoyi City, and Jiexiu City, were further precisely delineated at 
the grid scale to specific locations, including the eastern part of 
Wanbailin District, the eastern part of Xiaoyi City, and the western 
part of Jiexiu City. This multi-scale refinement effectively facilitated 
the precise targeting of management interventions. From 2000 to 
2020, the supply–demand ratio of CSS in the central SYRB remained 
relatively low, with its distribution radiating outward from the 
center. The primary reason is that urbanization in the central 
region has led to a continuous increase in population and GDP. 
Continuous conversion of farmland and grassland to urban 
construction land leads to a growing need for CSS (Chaulagain 
et al., 2024). This high-demand, but low supply situation is not just 
SYRB’s special case. Other European global cities, such as Barcelona, 
Berlin, and Stockholm, have experienced as well (Baro et al., 2015) 
along with Milan in Italy (Fusaro et al., 2023) and the Wuhan 
metropolitan region in China (Chen et al., 2024).

From 2000 to 2020, the CSD of the SYRB showed a general 
increasing trend, which is consistent with the increase in the YRB due 
to ecological restoration measures (Zhang et al., 2023). However, rapid 
urbanization in the lower reaches of the YRB leads to a continuous 

increase in the total carbon deficit. In general, the supply of CSS is 
usually high in the oases and mountainous areas of the SYRB, while 
there are shortages in the urban areas. With the increase in 
urbanization in recent years, there has been greater demand on 
ecosystem services, which may impact the integrity of the 
ecosystem and carbon sequestration (Rihan et al., 2025). Therefore, 
to create effective ecosystem service policies, knowing only about the 
supply and demand for ecosystems is not enough. It is also important 
to understand how the flows of services operate between CSD areas (Li 
et al., 2024). Studies have shown that areas with higher demand and 
lower supply are inevitably supported by CSS from other regions to 
maintain social and economic functions (Sutton-Grier et al., 2014; 
Zhang et al., 2025). For examples, cities with a CSS deficit are 
compensated by support from nearby areas with a CSS surplus, 
including mountainous regions (Wu et al., 2024). Consistent with 
studies conducted in regions outside our own country, including the 
Iberian Mountains in Spain (Mina et al., 2017) and Qinling Mountains 
in China (Yu et al., 2023), have been shown to provide important 
ecosystem carbon services. In the SYRB, the Lvliang Mountains, 
Taiyue Mountains, and Zhongtiao Mountains function as ecological 
barriers and mainly to supply carbon to the region, supporting central 
urban agglomeration areas. Thus, CSS flow acts as a type of circulation 
that transports services from mountain areas to cities (Figure 13). 
Ecosystems sequester CO2 through photosynthesis and form CSS flows 
that move to the city. Human beings generate emissions while 
ecosystems simultaneously absorb carbon through the atmosphere, 
completing the cycle. The magnitudes and pathways of these flows are 
regulated by both environmental factors and human behavior. So, 
optimizing the regional spatial structure is crucial for achieving carbon 
neutrality.

FIGURE 10 
Importance of different driving factors on CSD.
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The CSD differences in the ecosystem among different regions 
are closely related to geographical conditions, economic and social 
development, and ecological restoration policies (Qiu et al., 2022). 
Numerous studies have demonstrated that precipitation is a critical 
environmental driver sustaining the carbon sequestration function 
of ecosystems. The carbon sink capacity of many ecosystems 
worldwide is strongly regulated by water availability (Xie et al., 
2019; Wei et al., 2022). Fang et al. (2024) revealed that vegetation 
adapts to climate warming by modulating the relationship between 
photosynthesis and temperature. Thereby, under certain conditions, 
warming can act as a positive factor for ecosystem productivity. This 
provides mechanistic support for the present finding that 
temperature became a positive indicator after 2010, likely by 
enhancing photosynthesis and, thus, the regional carbon 
sequestration capacity. Altitude consistently showed a stable 
positive effect (Li et al., 2016; Quan et al., 2023). Han et al. 
(2024) concluded that elevational gradients played a crucial role 
in carbon sinks through microclimate regulation, which is consistent 
with the findings of the present study. The negative impact of social 
factors on CSD was equally significant. In some years, the 
independent contributions of GDP and LUI even surpassed those 
of all other factors except precipitation. Multiple studies have shown 
that urbanization and the expansion of built-up land lead to the 
fragmentation of ecological land and a reduction in connectivity, 
thereby accelerating the decline in carbon sink capacity (Abd- 
Elmabod et al., 2019; Geng et al., 2023; Rani et al., 2023). During 

the research period, the synergistic effect between natural factors 
and socioeconomic factors continued to strengthen. In particular, 
the increasingly prominent interactive effects between DEM and 
AAP and socioeconomic factors reflected the deepening of internal 
coupling within the human-environment system (Li et al., 2022; 
Yang et al., 2024). The synergistic effect between altitude and 
temperature has been significantly enhanced, further confirming 
the dynamic nature of climatic factors in influencing ecological 
processes. Warming has relatively enhanced the growth advantage 
of plants in mid- to -high altitude areas, thereby altering the spatial 
pattern of carbon sequestration capacity in mountain ecosystems 
(Zheng et al., 2025; Quan et al., 2024). Over the past 20 years, the 
synergistic effect between GDP and POP has also shown a significant 
trend of enhancement. The increase in land use intensity, combined 
with population growth and economic expansion, has jointly 
exacerbated the negative pressure on regional CSS (Marques 
et al., 2019).

Based on BBN analysis, grassland ecosystems have played an 
increasingly critical role in the regional carbon sink function with 
the ongoing climate change and the implementation of ecological 
engineering projects. The carbon sink capacity of grasslands in 
regions such as Inner Mongolia has been proven to have 
significant potential (Lyu et al., 2023). Tu et al. (2023)
demonstrated a positive correlation between grassland expansion 
and enhanced CSS by analyzing the effects of land use change, which 
further supports the importance of grassland ecosystems. Similar to 

FIGURE 11 
XGBoost–SHAP analysis of interaction effects in CSD.
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the grass–shrub-forest ecosystem in YRB, the construction of a 
grass–shrub-tree ecosystem in SYRB can also effectively increase 
regional sink potential. Rational spatial allocation of forests and 

grasslands can overcome the limitations of single vegetation types, 
enhancing the synergistic effects of carbon sequestration. 
Policymakers should enhance the protection of mountainous 

FIGURE 12 
Spatial distribution of carbon sequestration priorities from 2000 to 2020.

FIGURE 13 
Schematic diagram of carbon emissions and carbon sequestration in the study area.
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areas and incorporate hilly regions into urban green line 
management. Prioritize national ecological conservation and 
restoration projects to sustain watershed carbon supply (Vigl 
et al., 2017). Sub-priority supply regions are primarily located in 
the grasslands and wetlands surrounding mountainous areas, where 
targeted land restorative measures can be implemented to improve 
the environment and promote ecological and economic growth (Pei 
et al., 2009).

Based on the supply–demand characteristics, service flow features, 
and driving mechanisms of CSS, future research on carbon sink 
management in the study area must focus on regulating the 
synergistic effects between human activities and sensitive terrain 
while protecting the natural ecology. By investing in green 
infrastructure and implementing strict spatial control, the socio- 
economic system should be guided to transform from a carbon 
sink destroyer to a synergistic carbon sink enhancer. In first- 
priority areas, it is recommended to enhance the stability of carbon 
sinks through the restoration of grasslands. In the second-priority 
areas, the “forest–grassland” complex system should be promoted to 
optimize carbon sink functions. In the future, ecological protection and 
restoration efforts should prioritize safeguarding the ecological 
integrity of key mountainous carbon sink areas, such as Lvliang, 
Taiyue, and Zhongtiao, and strictly control urban expansion and 
high-energy-consumption industries. This aligns with the overall 
strategy of “ecological protection and high-quality development of 
the Yellow River Basin” and the national “dual carbon” strategy.

This study simulated carbon flow paths based on the dominant 
wind direction, an approach that effectively captured transport 
patterns at the macroscale but did not fully account for local 
factors, such as topographic barriers and socio-economic 
activities, in influencing flow dynamics. Although the 
XGBoost–SHAP model exhibited slight overfitting, the identified 
key driving factors retain clear ecological significance. Future 
research should advance mechanistic understanding within an 
interdisciplinary framework, integrating wind field obstruction, 
topographic features, and anthropogenic activities into process- 
based simulations. Further refinement of factor selection and 
model training via machine learning will be essential to more 
accurately elucidate carbon flow processes, dynamic variations, 
and underlying driving mechanisms.

5 Conclusion

This study evaluates the supply–demand ratio and CSD of CSS 
in the SYRB from 2000 to 2020 and compares the differences among 
cities, counties, and 1 km-grids. Spatial transmission path of CSS 
flow and driving factors’ contributions are analyzed, and carbon 
sequestration priority areas are identified. The conclusions are 
as follows:

1. Between 2000 and 2020, based on a multi-scale analysis of the 
supply–demand ratio and the CSD of CSSs, full space 
mismatches were revealed for CSS supply and demand. This 
multi-scale analytical framework enables the capture of 
observations spanning from watershed-scale patterns to local- 
scale ecological processes. Urban core areas exhibited low- 
supply, high-demand conditions, leading to carbon 

sequestration deficits, while surrounding mountainous 
regions, especially those rich in forests, had high-supply, low- 
demand conditions, generating carbon sequestration surpluses. 
The spatial distribution of CSS flows revealed that the Lvliang 
Mountains, Taiyue Mountains, and Zhongtiao Mountains were 
important carbon sequestration source areas in the SYRB. These 
regions then transmit the CSS through various multidirectional 
and different scales of flow into the basin city clusters in the 
central region, such as Linfen City, Taiyuan City, and Yuncheng 
City, which are mainly carbon sequestration deficit regions. 
These flows’ routes and magnitudes are jointly determined by 
the spatial distribution of supply and demand, along with 
prevailing wind patterns, over time.

2. During 2000–2020, multiple drivers exerted significant 
individual effects and synergistic effects on CSD. Among 
natural factors, AAP remained the dominant positive driver, 
while MAT underwent a critical shift from a negative to a 
positive influence after 2010. Socio-economic factors, such as 
GDP, POP, and LUI, consistently exhibited strong inhibitory 
effects. Importantly, synergistic interactions between natural 
and socio-economic factors continuously intensified, with a 
notably enhanced coupling between DEM and MAT. These 
findings underscore the necessity of understanding CSD 
through the interactions of multiple factors rather than 
through individual drivers alone.

3. In SYRB between 2000 and 2020, the structure of carbon 
sequestration priority areas has undergone a drastic 
transformation, with the relative role of grassland increasing 
sharply to become the largest land-cover type. The portion of 
forest land in first-order priority zones plummeted by nearly 
67%, from 53.28% to 17.37%, whereas that of grassland rose 
substantially by approximately 107%, from 18.23% to 37.77%. 
In secondary priority zones, the proportion of forestland 
increased by 136%, while grassland coverage showed a 
modest increase, from 36.31% to 38.90%.
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