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Abstract
Wetlands are vital for global carbon storage, yet face significant pressures. This study quantifies wetland landscape pattern 
changes and their impact on carbon storage in the transboundary Irtysh River Basin (IRB) from 2000 to 2020, identifies 
key landscape drivers, and projects future carbon storage under distinct scenarios for 2030. We utilized multi-temporal 
land cover data (GWL_FCS30), landscape metrics (Fragstats), the InVEST model for carbon storage estimation, interpre-
table machine learning (NGBoost coupled with SHAP analysis) to link landscape patterns to carbon dynamics, sensitivity 
analysis, and the PLUS model for scenario-based future projections (Natural Scenario - S1, Wetland Protection - S2, Wet-
land Degradation - S3). From 2000 to 2020, total wetland area increased by 10,417 km², primarily driven by marsh and 
swamp expansion, resulting in a net carbon storage increase from 2.827 × 10⁸ tC to 2.885 × 10⁸ tC (net gain: 5.8 × 10⁶ tC). 
Sensitivity analysis revealed high responsiveness (Sensitivity Index = 10.812) of carbon storage to wetland area change. 
The NGBoost model accurately predicted carbon storage based on landscape metrics (MSE = 0.682, RMSE = 0.8259, 
MAE = 0.7811). SHAP analysis identified the aggregation index (AI), largest patch index (LPI), and number of patches 
(NP) as the most critical landscape predictors influencing carbon storage. Future projections for 2030 estimate total carbon 
storage at 3.229 × 10⁸ tC under S1 (stabilization), increasing to 3.421 × 10⁸ tC under S2 (protection), but declining sharply 
to 1.871 × 10⁸ tC under S3 (degradation). Landscape structure, particularly aggregation and the extent of large patches, 
significantly influences wetland carbon storage in the IRB. Proactive wetland protection policies are crucial for enhanc-
ing and maintaining carbon sequestration capacity in this sensitive transboundary basin, contributing to regional climate 
change mitigation efforts.
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Graphical abstract

This graphical abstract summarizes a study on wetland dynamics and carbon storage in the Irtysh River Basin (IRB) from 
2000 to 2020, with 2030 projections, focusing on wetland conservation and carbon sink roles. Using GWL_FCS30 land use 
data, Fragstats 4.2, InVEST, NGBoost with SHAP, and the PLUS model, the study analyzes landscape patterns, estimates 
carbon storage, identifies key drivers (e.g., aggregation index, largest patch index), and simulates future scenarios. Results 
show marsh and swamp expansion, increased fragmentation, and carbon storage rising to 2.885 × 10⁸ tC by 2020. Projec-
tions for 2030 estimate 3.229 × 10⁸ tC (Natural Scenario), 3.421 × 10⁸ tC (Wetland Protection), and 1.871 × 10⁸ tC (Wetland 
Degradation). This visual highlights the importance of wetland conservation for enhancing carbon sequestration and informs 
sustainable land-use strategies in transboundary basins

Keywords  Wetland carbon storage · Landscape patterns · Irtysh river basin · InVEST model · Machine learning 
(SHAP) · Transboundary wetlands
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1  Introduction

Wetlands are pivotal ecosystems that play multifaceted 
roles in global environmental processes, particularly in the 
carbon cycle. These ecosystems, characterized by water-
saturated soils, support rich biodiversity and provide critical 
services such as water purification, flood control, and carbon 
sequestration (Davidson 2014). Globally, wetlands cover 
approximately 6-9% of the Earth’s surface but store up to 
35% of the global soil carbon, underscoring their role as sig-
nificant natural carbon sinks (Gardner and Finlayson 2018). 
However, despite their ecological and climatic importance, 
wetlands are among the most threatened ecosystems. Cli-
mate change exacerbates sea level rise and alters precipita-
tion patterns, leading to wetland degradation or loss. Human 
activities, such as agricultural expansion and urban develop-
ment, further compound these threats, resulting in reduced 
biodiversity and impaired functionality (Zedler and Kercher 
2005; Erwin 2009). Recent research has highlighted alarm-
ing rates of wetland loss in key regions around the world, 
with the impacts being particularly severe in regions expe-
riencing rapid climatic shifts and anthropogenic pressures. 
For instance, in temperate and semi-arid regions, wetland 
degradation has been accelerated due to changes in precipi-
tation patterns and increasing water demands for agriculture 
and urbanization (Fluet-Chouinard et al. 2023). Similarly, 
the widespread loss of wetlands in inland temperate zones 
has exacerbated the vulnerability of these ecosystems, with 
significant reductions in their capacity to store carbon and 
provide other ecosystem services (Murray 2023).

The Irtysh River Basin (IRB), spanning China, Kazakh-
stan, and Russia, represents a compelling and critical region 
where these wetland dynamics are particularly evident and 
understudied in the context of integrated landscape-carbon 
interactions. Located within the semi-arid temperate zone, 
the IRB functions as a vital hydrological and ecological sys-
tem within a drought-vulnerable belt, making its wetland 
ecosystems highly susceptible yet globally relevant carbon 
stores. As part of an inland arid and semi-arid wetland sys-
tem, these wetlands face intensifying pressures from both 
climatic variability (e.g., altered precipitation regimes) and 
pervasive human-induced land-use changes, rendering them 
especially sensitive to shifts in water availability and man-
agement practices (Huang et al. 2012; Wang et al. 2023a). 
The transboundary nature of the IRB significantly magnifies 
the complexity of environmental management, requiring 
coordinated international efforts for effective conservation 
(Woo et al. 2008; Sahana et al. 2024). Consequently, the 
basin’s wetlands, which contribute substantially to both 
local livelihoods and global carbon storage, are subject to 
unique geopolitical and ecological challenges that com-
plicate straightforward conservation solutions. The IRB’s 

position in this drought-prone, fragile ecosystem zone, com-
bined with its complex transnational governance structure, 
makes it an exemplary and urgent case for investigating 
how wetland landscape changes impact carbon sequestra-
tion capacity. Understanding these dynamics within the IRB 
is crucial not only for regional sustainability but also for 
informing broader climate regulation strategies and interna-
tional policies aimed at mitigating climate change through 
nature-based solutions, highlighting the global significance 
of such regional deep-dives (Osland et al. 2017; Bellard et 
al. 2012).

In this context, the detailed study of landscape patterns 
becomes paramount for understanding carbon dynamics. 
Landscape patterns—the spatial arrangement and organi-
zation of various land uses and natural features—critically 
influence ecological processes, including nutrient cycling, 
biodiversity distribution, and particularly, carbon sequestra-
tion within wetland ecosystems (Du et al. 2025). Landscape 
ecology provides the essential theoretical framework for 
exploring how landscape structure affects ecosystem func-
tions and services (Turner 1989). While various methods 
exist, the calculation of landscape metrics using tools like 
Fragstats offers a standardized and quantitative way to ana-
lyze landscape configuration (e.g., fragmentation, connec-
tivity, shape complexity) and its potential impact on carbon 
sequestration processes (McGarigal et al. 2002). Although 
widely applied, quantifying these metrics is particularly cru-
cial in heterogeneous and dynamic environments like the 
IRB, where changes in patch size, shape, and aggregation 
can significantly alter carbon fluxes (Hou et al. 2024b; Yuan 
et al. 2024). Wetland ecosystems, due to their saturated soils 
and diverse plant communities, are recognized as crucial 
carbon sinks, storing substantial amounts of carbon both in 
biomass and soils (Rogers et al. 2019). Traditional methods 
for estimating wetland carbon stocks rely on in situ observa-
tions, providing high-precision estimates of carbon stocks. 
However, these methods are costly in terms of financial, 
time, and human resources, and they are often limited to 
site-specific scales (Chmura et al. 2003). The rapid advance-
ment of remote sensing (RS) technologies has provided a 
more efficient and accessible means for carbon stock esti-
mation, allowing for large-scale and continuous monitoring. 
These developments have led to the emergence of model-
based approaches for estimating carbon stocks, combining 
remotely sensed data with ecological models to improve the 
accuracy and scalability of carbon sequestration estimates. 
For example, Li et al. (2024) used a combination of RS data 
and process-based models to estimate carbon sequestration 
in coastal wetlands, highlighting the advantages of integrat-
ing multiple data sources for broader-scale carbon assess-
ments (Wang et al. 2024).

1 3



K. Luo et al.

Furthermore, to move beyond simple correlations and 
understand the complex, potentially non-linear relation-
ships between landscape patterns and carbon storage, the 
application of advanced machine learning (ML) models 
combined with interpretability frameworks like SHapley 
Additive exPlanations (SHAP) offers significant advantages 
(Stupariu et al. 2022). While ML models such as XGBoost, 
LightGBM, CatBoost, and NGBoost are increasingly uti-
lized in ecological studies for prediction (Chu et al. 2024; 
Zhou et al. 2024b), their strength lies in effectively process-
ing complex, high-dimensional datasets to uncover intricate 
patterns often missed by traditional statistical methods. For 
instance, Zhou et al. (2024) effectively used an XGBoost-
SHAP model to unravel non-linear impacts on ecosystem 
services (Zhou Hou et al. 2024a). Critically, for informing 
management, the integration of SHAP values provides a 
robust, theoretically grounded framework (game theory) 
for interpreting these “black box” models (Lai et al. 2023; 
Lundberg and Lee 2017). SHAP quantifies the contribution 
of each input feature (e.g., specific landscape metrics) to 
the model’s prediction (e.g., carbon storage level) for each 
observation, offering instance-level and global explanations. 
This interpretability is crucial not only for enhancing model 
transparency and trust but, more importantly, for identify-
ing the key landscape drivers influencing carbon storage 
dynamics specifically within the diverse wetland types and 
environmental gradients of the IRB. By pinpointing the 
most influential landscape features (e.g., patch aggregation 
vs. fragmentation), this approach can guide more targeted 
and effective management interventions for maximizing 
carbon sequestration (Stupariu et al. 2022).

In addition to modeling current wetland dynamics, the 
ability to project future land-use changes and their potential 
impacts on carbon storage is crucial for comprehensive eco-
system management. To this end, we employed the Patch-
Generating Land Use Simulation (PLUS) model, a tool that 
integrates land expansion analysis strategy (LEAS) and cel-
lular automata (CA). The PLUS model is designed to simu-
late and predict spatial and temporal changes in land use, 
which is particularly valuable in regions like the IRB, where 
wetlands face pressures from both climatic variability and 
anthropogenic activities. By incorporating various driving 
factors such as socio-economic development, environmen-
tal policies, and natural landscape features, the PLUS model 
enables more accurate forecasts of how land-use patterns 
may evolve under different scenarios (Guo et al. 2024). 
Several recent studies have demonstrated the utility of the 
PLUS model in forecasting future landscape dynamics. For 
example, Zhu et al. (2024) applied the PLUS model to assess 
the ecosystem service functions of wetlands in northeastern 
China, demonstrating the model’s effectiveness in evaluat-
ing the impacts of land-use changes on wetland services, 

In this study, the Integrated Valuation of Ecosystem 
Services and Tradeoffs (InVEST) model was employed to 
estimate carbon storage in the IRB. InVEST is widely rec-
ognized for its ability to integrate spatial, ecological, and 
economic data to simulate land-use dynamics and predict 
their impacts on ecosystem services, including carbon stor-
age (Hamel et al. 2021). One of the primary advantages of 
InVEST over traditional methods is its ability to model eco-
system services under different land-use and climate sce-
narios, making it especially useful for future projections and 
scenario planning. Additionally, unlike earlier models that 
may rely solely on empirical data, InVEST incorporates a 
process-based approach that accounts for both biophysical 
factors and socio-economic influences, providing a more 
comprehensive analysis of carbon dynamics (Nelson et al. 
2009). In contrast to CLUE-S or other static land-use mod-
els, which focus primarily on land-use allocation, InVEST 
allows for dynamic interactions between landscape patterns 
and ecosystem services. For example, He et al. (2016) used 
the InVEST model to evaluate the impact of urban expan-
sion on regional carbon storage in China, demonstrating that 
the model could effectively integrate spatial, ecological, and 
economic data to simulate land-use dynamics and predict 
their impacts on carbon storage (He et al. 2016). In the con-
text of the IRB, where wetlands are under intense pressure 
from human activities and climate variability, InVEST pro-
vides a valuable tool for assessing the impacts of wetland 
fragmentation on carbon storage. By modeling the carbon 
sequestration potential under current and projected future 
conditions, the model offers insights into how wetland res-
toration, conservation, or degradation can alter the carbon 
balance within the basin (Liu et al. 2018). These insights 
are essential for guiding land management practices and 
informing policy decisions, particularly in transnational 
basins like the IRB, where coordinated efforts are needed 
to mitigate the impacts of climate change on critical carbon 
sinks (Polasky et al. 2011).

Continuing from the introduction of landscape patterns 
and the InVEST model in assessing carbon storage changes, 
an exploration of the sensitivity of carbon storage to changes 
in wetland area is crucial. Sensitivity analysis is particularly 
pertinent as it highlights how small alterations in land use 
or ecological disturbances can disproportionately affect car-
bon sequestration capabilities. The sensitivity index (SI), 
which quantifies the response of carbon storage to a unit 
change in wetland area, can provide valuable insights into 
the resilience and vulnerability of these ecosystems to envi-
ronmental changes. This kind of analysis is instrumental 
in forecasting the potential impacts of both natural distur-
bances and anthropogenic interventions, thereby enabling 
more strategic conservation planning (Zhang et al. 2023b).
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(4) Demonstrate the synergistic value of integrating 
remote sensing data, landscape ecological principles, pro-
cess-based carbon modeling (InVEST), explainable AI 
(ML-SHAP), and land-use simulation (PLUS) for a holistic 
past-to-future assessment of ecosystem services in complex 
socio-ecological systems.

By achieving these goals, this study not only addresses 
critical knowledge gaps regarding wetland carbon dynam-
ics in the IRB but also offers valuable insights and a meth-
odological framework applicable to other transboundary 
basins and ecologically sensitive regions facing similar 
pressures from climate change and human activities. The 
findings underscore the vital role of targeted wetland con-
servation and management strategies in enhancing regional 
carbon sequestration potential and contributing to global 
climate change mitigation goals.

2  Materials and Methods

2.1  Study Area

The IRB is a significant hydrological corridor spanning 
China, Kazakhstan, and Russia (Fig. 1). Covering an area 
of 165 × 10⁴ km², this extensive basin encompasses diverse 
ecosystems and climatic zones, ranging from the temperate 
semi-desert conditions in its upper reaches to the harsh con-
tinental climate in the middle and lower sections. The basin 
is characterized by considerable temperature fluctuations, 
particularly in the midstream and downstream areas (Huang 
et al. 2014). The IRB’s ecological importance is reflected 
in its role as a habitat for a wide array of flora and fauna, 
many of which exhibit unique adaptations to the basin’s 
varied environmental conditions (Li et al. 2024b). Geomor-
phologically, the basin presents distinct contrasts. The upper 
reaches of the IRB are dominated by the Altai Mountains, 
where permafrost and glacial systems play a crucial role in 
the hydrological cycle, generating runoff that sustains the 
midstream regions in Kazakhstan (Jiang et al. 2016). As the 
river descends into the lowland Siberian sedimentary basin, 
the landscape shifts markedly to flat, expansive terrains, 
underscoring the complex interrelationship between geo-
logical formations and hydrological processes (Radelyuk et 
al. 2022). The wetlands within the IRB are of particular eco-
logical and climatological interest. These ecosystems serve 
as significant carbon sinks, contributing to the global carbon 
cycle by sequestering atmospheric carbon dioxide. Wetland 
carbon storage occurs primarily through biogeochemical 
processes that promote the accumulation of soil organic 
matter and biomass (Villa and Bernal 2018). However, 
these wetland ecosystems face increasing pressure from 
anthropogenic influences, including agricultural expansion, 

including carbon storage, soil retention, and habitat quality 
(Zhu et al. 2024). In our study, the PLUS model is applied 
to the IRB to simulate land-use changes under three future 
scenarios: Natural Scenario (S1), Wetland Protection Sce-
nario (S2), and Wetland Degradation Scenario (S3). These 
scenarios allow for a detailed exploration of how different 
land-use strategies may affect wetland dynamics and, con-
sequently, carbon storage potential in the basin (Wang et al. 
2018).

This study, therefore, adopts an integrated approach, 
synergizing landscape pattern analysis, process-based car-
bon modeling, interpretable machine learning, and scenario 
simulation to provide a comprehensive assessment of how 
wetland landscape patterns influence carbon storage in the 
IRB. While each component method is established in its 
domain, combining the InVEST model for robust carbon 
storage estimation, advanced ML models with SHAP for 
uncovering and interpreting the key landscape drivers, and 
the PLUS model for simulating plausible future land-use tra-
jectories under different policy assumptions, offers a more 
holistic and mechanistically informed perspective than typi-
cally achieved through siloed approaches. This integrated 
framework aims to provide actionable insights for navigat-
ing the complex trade-offs between development, conserva-
tion, and carbon sequestration in transboundary basins like 
the IRB, contributing to coordinated management strate-
gies for climate change mitigation and adaptation (Fan et 
al. 2023; Chaplin-Kramer et al. 2024). Therefore, the main 
goal of this study is to provide a comprehensive assessment 
of wetland landscape dynamics and their impact on carbon 
storage within the complex transboundary IRB, leveraging 
an integrated modeling approach to bridge historical analy-
sis with future projections. Specifically, this research aims 
to make the following key scientific contributions:

(1) Quantify and elucidate the spatiotemporal patterns 
of wetland landscape change and associated carbon storage 
variations in the IRB from 2000 to 2020, providing a crucial 
baseline understanding for this ecologically significant and 
sensitive region.

(2) Reveal the key landscape pattern drivers influencing 
wetland carbon storage dynamics by employing interpre-
table machine learning (NGBoost combined with SHAP), 
thus offering mechanistic insights beyond traditional correl-
ative approaches into how landscape structure governs car-
bon sequestration in this semi-arid, transboundary context.

(3) Evaluate the potential future trajectories of wetland 
extent and carbon storage under distinct land-use policy 
scenarios (natural development, wetland protection, wet-
land degradation) using integrated scenario simulation 
(PLUS-InVEST), thereby generating policy-relevant, spa-
tially explicit information to support sustainable wetland 
management and climate mitigation efforts in the IRB.
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diverse species (Guthrie et al. 2022). Flooded flats, which 
are periodically inundated low-lying areas, contribute to 
flood control and groundwater recharge, reinforcing the 
ecological resilience of the basin (Meng et al. 2022). Addi-
tionally, we classified permanent water bodies, including 
rivers, lakes, and reservoirs, as part of the wetland system. 
Although these areas lack vegetation, their hydrological and 
ecological significance in maintaining the integrity of the 
wetland landscape justifies their inclusion as a distinct wet-
land category (Zhang et al. 2024).

The driving factors utilized for future multi-scenario 
projections of land use types include precipitation (PRE), 
temperature (TEM), digital elevation model (DEM), slope 
(SLO), aspect (ASP), NDVI, night-time light (NTL), popu-
lation density (PD), and gross domestic product (GDP), as 
detailed in Table 1. Each dataset was carefully curated to 
capture key environmental, socioeconomic, and physical 
variables essential for the study. All data were resampled 
to a 1  km resolution with the Asia_North_Albers_Equal_
Area_Conic projection.

2.3  Research Methods

Figure 2 presents the integrated methodological framework 
used to examine how wetland-landscape dynamics shape 
carbon storage in the IRB. The workflow advances through 

industrial development, and climate change-driven altera-
tions in hydrological regimes and evapotranspiration (Luo 
et al. 2023).

2.2  Data Sources and Processing

This study analyzed the wetland dynamics of the IRB from 
2000 to 2020 using the GWL_FCS30 dataset, which pro-
vides land use and land cover (LULC) data for five key time 
points: 2000, 2005, 2010, 2015, and 2020. With a spatial 
resolution of 30  m, the dataset incorporates a combina-
tion of Landsat optical data, Sentinel-1 Synthetic Aperture 
Radar (SAR) data, and ASTER Global Digital Elevation 
Model (GDEM) terrain data. This multi-source approach 
ensures comprehensive coverage of wetland features, with 
the dataset achieving an overall classification accuracy of 
86% (Zhang et al. 2023a). In processing the dataset, we 
identified three main wetland types within the study area: 
swamp, marsh, and flooded flat. Swamps are characterized 
by the dominance of woody vegetation and are typically 
waterlogged for extended periods, making them significant 
carbon sinks due to the accumulation of organic matter in 
their saturated soils (de Araújo and Silveira 2024). Marshes, 
on the other hand, are herbaceous wetlands where standing 
or slow-moving water supports grasses and sedges, playing 
a crucial role in nutrient cycling and providing habitats for 

Fig. 1  Overview map of the study area: climate types for Coburn (left) and land use types for GLC_FCS30 in 2020 (right)
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contagion index (CONTAG), aggregation index (AI), and 
patch cohesion index (COHESION), where higher values 
generally reflect more continuous, less fragmented land-
scapes (Jia et al. 2019). All indices were computed at the 
landscape level for each GWL_FCS30-derived wetland 
map within the IRB boundary, yielding a temporally consis-
tent record of wetland configuration. These metrics provide 
the quantitative basis for subsequent correlation analyses 
and machine-learning models that link landscape patterns to 
carbon-storage variability (Li et al. 2024a), detailed defini-
tions and ecological interpretations are listed in Table 2.

2.3.2  Carbon Storage Assessment for Wetland Ecosystems

To reconstruct historical carbon stocks in IRB wetlands, we 
employed the Carbon Storage and Sequestration module 
of InVEST, which provides spatially explicit estimates at 
basin scale without the logistical burden of extensive field 
sampling. The workflow proceeded as follows. First, GWL_
FCS30 LULC rasters for each study year were prepared as 
the primary spatial input. Second, we compiled a carbon-
density table assigning literature-derived values (tC/ha) to 
four pools for each LULC type present in the IRB. While 
these uniform densities simplify modelling, they inevitably 
obscure local variability and thus constitute a recognized 
source of uncertainty.

The LULC raster and density table were then ingested by 
InVEST, which calculates cell-level carbon stock as:

C(i,j,M) = A × (Da + Db + Dc + Dd)� (1)

where A is the area of cell (i, j). The model outputs a raster 
map of total carbon storage and a summary table for each 
year. Iterating this procedure across all time points yielded 
a consistent time series of carbon-storage maps for the IRB 

five stages. (1) Landscape pattern metrics were derived with 
Fragstats 4.2 from GWL_FCS30 wetland maps for each 
study year, quantitatively characterizing the spatial configu-
ration of individual wetland classes. (2) Total wetland car-
bon stocks were estimated with the InVEST Carbon model 
by combining these maps with class-specific carbon-density 
values obtained from the literature. (3) A sensitivity analy-
sis assessed how shifts in total wetland area between 2000 
and 2020 influenced carbon storage. (4) To elucidate struc-
ture-function linkages, four ML algorithms—NGBoost, 
XGBoost, LightGBM and CatBoost—were trained with 
the landscape metrics as predictors and the InVEST-derived 
carbon stocks as the response. NGBoost outperformed the 
others and was interpreted with SHAP values to pinpoint 
the most influential landscape attributes. (5) Future change 
was explored with the PLUS model, which projected land 
use to 2030 under three scenarios: natural evolution (S1), 
wetland protection (S2) and wetland degradation (S3). The 
resulting maps fed back into InVEST to forecast scenario-
specific carbon storage, thereby linking historical analysis 
to forward-looking assessments.

2.3.1  Landscape Pattern Index

To quantify the spatial structure of wetlands in the IRB 
and clarify its ecological significance for carbon storage, 
we derived a comprehensive set of landscape metrics with 
Fragstats 4.2. Guided by established links between land-
scape configuration and wetland carbon dynamics, we eval-
uated fragmentation and area using the number of patches 
(NP), patch density (PD), and the largest patch index (LPI), 
the latter indicating the dominance of the principal core wet-
land. Shape complexity was characterized by the landscape 
shape index (LSI) and edge density (ED), both sensitive to 
edge-driven processes that modulate carbon fluxes. Spatial 
aggregation and connectivity were captured through the 

Table 1  Introduction to driver factor raster data
Type Driving factors Description Data sources
Land use GWL_FCS30 dataset At approximately 30 m spatial resolution, from 2000 to 

2020
Zenodo (​h​t​t​p​​s​:​/​​/​z​e​n​​o​d​​o​.​o​​r​g​/​r​​e​c​o​​r​d​s​​/​6​5​7​5​7​3​
1) (Zhang et al. 2023a)

Natural 
factors

PRE At approximately 4 km spatial resolution in 2020 TerraClimate (​h​t​t​p​​s​:​/​​/​w​w​w​​.​c​​l​i​m​​a​t​o​l​​o​g​y​​l​a​b​​.​o​r​​
g​/​t​​e​r​r​a​​c​l​​i​m​a​t​e​.​h​t​m​l) (Abatzoglou et al. 2018)TEM

DEM Digital elevation model with 30 m spatial resolution Copernicus DEM (​h​t​t​p​​s​:​/​​/​s​p​a​​c​e​​d​a​t​​a​.​c​o​​p​e​r​​n​i​
c​​u​s​.​​e​u​/​​c​o​l​l​​e​c​​t​i​o​​n​s​/​c​​o​p​e​​r​n​i​​c​u​s​​-​d​i​​g​i​t​a​​l​-​​e​l​e​v​a​t​
i​o​n​-​m​o​d​e​l)

SLO Extracted from the DEM
ASP
NDVI At approximately 250 m spatial resolution in 2020 Terra MODIS NDVI (​h​t​t​p​​s​:​/​​/​l​p​d​​a​a​​c​.​u​​s​g​s​.​​g​o​v​​

/​p​r​​o​d​u​c​t​s​/​m​o​d​1​3​q​1​v​0​6​1​/)
Socio-
economic 
factors

NTL At approximately 500 m spatial resolution in 2020 Harvard Dataverse (​h​t​t​p​s​:​​​/​​/​d​o​​i​.​o​​r​​g​​/​​1​0​​.​7​9​​​1​0​/​​​
D​V​N​/​Y​G​I​V​C​D) (Chen et al. 2020)

PD At approximately 100 m spatial resolution in 2020 WorldPop (https://www.worldpop.org/) 
(Sorichetta et al. 2015)

GDP Global 1 km × 1 km gridded revised real gross domestic 
product (million dollars) in 2019

Figshare (https://figshare.com/) (Chen et al. 
2022a)
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Fig. 2  Research framework
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inherent uncertainties into the carbon storage estimations. 
Real-world carbon densities can exhibit significant spatial 
heterogeneity within a large and diverse area like the IRB, 
influenced by local variations in factors such as soil prop-
erties, vegetation composition, hydrological regimes, and 
specific management practices. Therefore, while the model 
provides valuable insights into the overall magnitude, spa-
tial distribution, and temporal trends of carbon storage, the 
absolute values should be interpreted with consideration of 
this limitation. Further localized field sampling and cali-
bration would be necessary to refine the precision of these 
estimates.

To justify the selected literature values presented in 
Table  3, the characteristic ecological significance of each 
wetland type concerning carbon dynamics was considered. 
Swamps, typically dominated by woody vegetation and 
characterized by prolonged water saturation, generally fos-
ter conditions conducive to slow decomposition rates and 
significant accumulation of organic matter, particularly in 
soils, leading to relatively high carbon densities. Marshes, 
dominated by herbaceous plants, are often highly produc-
tive ecosystems contributing substantially to both aboveg-
round and belowground biomass, as well as significant 
soil organic carbon pools. Flooded flats, being periodically 

wetlands, forming the basis for subsequent trend analysis, 
sensitivity testing, and machine-learning modelling.

We need to input the carbon density parameters of differ-
ent land use types into the InVEST model to estimate carbon 
storage, which includes the carbon densities of aboveground 
biomass (Da), belowground biomass (Db), soil organic mat-
ter (Dc), and dead organic matter (Dd) (Liu et al. 2019). 
The InVEST model methodology assumes a uniform car-
bon density for each land use category across the study area 
(Sharp et al. 2015). For this study, carbon density values for 
the four pools within each wetland type were derived from 
a synthesis of relevant previous research conducted in com-
parable environmental settings or geographical proximity, 
as detailed in Table 3. It is important to acknowledge that 
utilizing these literature-derived, constant values introduces 

Table 2  Description and function of landscape metricss
Metrics Abbreviation Formula Description
Number of 
Patches (Pcs)

NP NP = N The total number of patches in the landscape. N is the 
total number of patches in the landscape

Edge density 
(m•ha− 1)

ED
ED =

∑n

j=1
eij

A (10000)
Total lengths of all edge segments involving the corre-
sponding type divided by the total landscape area. eij is 
the length of jth patch of type i;A represents landscape 
area

Patch density 
(Pcs•ha− 1)

PD P D = N
A

Number of patches of the corresponding type divided 
by total landscape area

Largest patch 
index (%)

LPI LP I = Max(ai,?an)
A (100) The percentage of the landscape composed of the 

largest patch. an is the number of patch of a landscape 
types

Landscape Shape 
Index

LSI LSI = 0.25E√
A

A measure of landscape shape complexity, comparing 
the total edge of the landscape to the minimum pos-
sible edge for the same area. E is the total length of the 
edges of the entire landscape

Contagion Index 
(%)

CONTAG CONT AG =

[1 +
∑m

i=1

∑n

j=1

Pij ln(Pij)
2 ln(m) ](100)

A measure of the degree of spatial aggregation of land-
scape patches of the same type. i = 1, 2,…, m, is the 
type of landscape patches; j = 1, 2,…, n, is the number 
of a certain patch landscape; Pij is some types of patch 
number as a proportion of total patch

Patch Cohesion 
Index (%)

COHESION CONESION =

[1 −

∑m

i=1

∑n

j=1 Pij∑m

i=1

∑n

j=1 Pij
√

aij

][1 − 1√
A

]−1(100)

A measure of the degree to which patches of the same 
type are spatially cohesive, considering both their size 
and their perimeter

Aggregation 
Index (%)

AI AI = [
∑m

i=1 ( gii

maxgii
)pi](100) Measures the degree to which patches of the same type 

are spatially aggregated, considering their adjacency. 
g represents the number of pixels between different 
patches of the same patch type; p represents the pro-
portion of landscape area occupied by each patch type

Table 3  Carbon-pool density
Wetland type Carbon density (tC/ha) References

Da Db Dc Dd

Water 0.93 0 0 0 (Xiaomin et al. 2023)
Marsh 17.00 8.00 14.00 1.00 (Deng et al. 2022)
Swamp 1.90 1.90 18.30 1.00 (Zhang et al. 2023b)
Flooded flat 6.00 2.00 16.00 1.00 (Deng et al. 2022)
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XGBoost is a distributed gradient boosting library 
optimized for efficiency, flexibility, and portability. It 
implements machine learning algorithms within a gradi-
ent boosting framework and offers parallel tree boosting, 
optimized for speed and performance (Chen and Guestrin, 
2016). The objective function minimized by XGBoost is:

L(θ) =
n∑

i=1
ℓ(yi, ŷi) +

T∑
k=1

Ω(fk)� (4)

where ℓ(yi, ŷi) represents the loss function (mean squared 
error), yi is the observed target value, and ŷi is the predicted 
value, T is the number of trees, and Ω(fk) regularizes model 
complexity. In this study, the XGBoost model was config-
ured with a learning rate of 0.02, 127 leaves per tree, a sub-
sample rate of 0.7, and a column sampling rate of 0.6 to 
enhance model generalization.

LightGBM is a gradient boosting framework that 
employs tree-based learning algorithms, recognized for its 
efficiency in handling large datasets and its leaf-wise growth 
method, which helps prevent overfitting (Ke et al. 2017). 
The objective function is defined as:

F (x) =
n∑

i=1
αif(xi)� (5)

where F(x) is the model’s output prediction, f(xi) is the 
weak learner for feature xi, αi represents the weight of the 
weak learner. For this study, LightGBM was configured 
with a learning rate of 0.02, 127 leaves per tree, feature frac-
tion of 0.8, and bagging fraction of 0.9.

CatBoost is a gradient boosting library designed with a 
focus on handling categorical features. It combines deci-
sion trees and gradient boosting to create models that are 
resilient to overfitting and highly effective in processing 
categorical data(Prokhorenkova et al. 2018). The objective 
function is given by:

H(x) =
n∑

i=1
αiRj(xi)� (6)

where H(xi) represents the decision tree function of the 
input variables xi, and Rj(xi) denotes the disjoint regions 
of the tree’s leaves. In this study, CatBoost was set with a 
learning rate of 0.02 and a maximum tree depth of 6, with 
1000 iterations.

NGBoost introduces a novel approach to gradient boost-
ing by modeling the entire probability distribution of the out-
put rather than predicting a single value. This probabilistic 

inundated rather than permanently saturated, are expected to 
have lower organic matter accumulation and thus lower car-
bon densities compared to swamps and marshes, although 
still contributing to carbon storage. Permanent water bodies, 
lacking significant emergent vegetation and associated soil 
development, inherently possess the lowest carbon density 
among the studied wetland ecosystem components, primar-
ily storing carbon within the water column or surface sedi-
ments. Therefore, the carbon density values compiled from 
previous studies (Table  3) reflect these expected relative 
differences based on the fundamental ecological character-
istics and typical carbon cycling processes associated with 
each wetland type identified in the IRB.

2.3.3  Sensitivity Index Analysis Method

This study utilizes the SI to assess the impact of changes 
in wetland area on carbon storage (Zhang et al. 2023b). 
This index measures the response of carbon storage to a 1% 
change in wetland area (Peng et al. 2021; Qiu et al. 2021). A 
higher SI value indicates that carbon storage is more sensi-
tive to changes in wetlands. When SI > 0, wetland changes 
have a positive impact on carbon storage; when SI < 0, the 
impact is negative. The expression is as follows:

SI = (Cend−Cstart)/Cstart×100%
D

� (2)

D = |∆V |
Ua

× 1
T

× 100%� (3)

where SI is the Sensitivity Index, Cstartand Cend represent 
the carbon storage at the beginning and end of the study 
period, respectively. D is the degree of wetland dynamics 
(%), ∆V representing the change in wetland type during the 
study period; Ua is the area of the wetland type at the begin-
ning of the study; T is the duration of the study period.

2.3.4  Model Interpretation and Feature Importance 
Analysis

To delve deeper than simple correlations and understand the 
potentially complex, non-linear relationships driving carbon 
storage variations based on landscape structure within the 
IRB, we employed ML techniques followed by an inter-
pretability analysis. The SHAP framework was used to 
clarify the decision-making processes of four advanced ML 
models: XGBoost, LightGBM, CatBoost, and NGBoost. 
SHAP, a game-theoretic method, assigns each feature an 
importance score that reflects its contribution to the model’s 
output, providing an interpretable view of how landscape 
patterns influence carbon storage dynamics in wetlands 
(Lundberg and Lee 2017).
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NGBoost, underwent feature importance analysis using 
SHAP. The SHAP value ϕi for feature i is calculated as 
follows:

ϕi =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!
|N |!

[f(S ∪ {i}) − f(S)]� (8)

where S is a subset of features, N is the set of all features, 
and f(S) is the predicted outcome based on the subset S.

Additionally, the SHAP framework uses an additive fea-
ture attribution method to compute the SHAP value:

g(x′) = ϕ0 +
M∑

i=1
ϕix

′
i� (9)

approach allows for a more detailed understanding and pre-
diction of outcomes(Duan et al. 2020). NGBoost optimizes 
the following probabilistic objective function:

L(Pθ, y) = − log Pθ(y)� (7)

where Pθ(y) is the predicted probability distribution of the 
output y, and θ represents the parameters of the distribution. 
The NGBoost model was configured with 1000 estimators 
and a learning rate of 0.02, emphasizing its natural gradient 
approach to optimize probabilistic forecasts.

To evaluate the performance of these models, metrics 
such as Mean Absolute Error (MAE), Root Mean Squared 
Error (RMSE), and Mean Squared Error (MSE) were uti-
lized. The model that demonstrated the highest performance, 

Fig. 3  Driving factors 
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full account of various environmental factors when mod-
eling and forecasting land-use change (Chen et al. 2022b). 
The following three scenarios were set up to explore future 
land use trends in a rational manner:

(1) Natural Scenario (S1): assumes no significant policy 
intervention, allowing natural dynamics and anthropogenic 
influences to shape land use.

(2) Wetland Protection Scenario (S2): prioritizes the pro-
tection and restoration of wetlands, enforcing stricter con-
servation policies to reduce land conversion in critical areas 
(Van Asselen and Verburg 2013).

(3) Wetland Degradation Scenario (S3): represents 
increased pressure on wetlands due to urban expansion, 
agricultural intensification, and reduced conservation efforts 
(Verburg et al. 2004).

The principles guiding land use change under these sce-
narios are outlined in Table 4, which shows the assumptions 
and key drivers for each scenario.

For each scenario, land use transfer matrices were devel-
oped to quantify the likelihood of transitions between dif-
ferent land use categories. These transfer matrices (Table 5) 
reflect the probability of conversion from one land type to 
another under each scenario, highlighting the potential risks 
or benefits to wetland areas (Li et al. 2020).

Domain weights indicate the expansion capacity of dif-
ferent land use types, and the amount of change in the area 

where g(x′) is the interpretation model, ϕ0  is the base value 
representing the average prediction, ϕi is the contribution 
of the i-th feature, x′

i indicates whether feature i is included 
or excluded, and M is the total number of features.

2.3.5  PLUS Model

To anticipate wetland trajectories and their carbon implica-
tions in the IRB to 2030, we applied the PLUS model, which 
couples the land-expansion analysis strategy (LEAS) with 
a cellular automaton using random patch seeding (CARS) 
(Liang et al. 2018). Historical LULC rasters for 2015 and 
2020, derived from the GWL_FCS30 product, served both 
for calibration and as the simulation baseline. Nine biophys-
ical and socio-economic drivers (Table 1; Fig. 3).

The LEAS module identifies land use expansion by 
extracting spatial patterns of site-level transitions over time 
and quantifying their probability using the Random Forest 
Classifier (RFC) algorithm (Li et al. 2012). This algorithm 
processes different driving factors independently for each 
land use type to determine its probability of expansion, pro-
viding insights into the relative importance of each factor in 
land transformation (Maxwell et al. 2019). The CARS mod-
ule, on the other hand, incorporates both top-down (land 
demand) and bottom-up (land competition) mechanisms to 
simulate the patch evolution of land use across different sce-
narios (Xu et al. 2019a). This module employs a threshold-
decreasing mechanism based on a Monte Carlo simulation 
to account for local neighborhood effects in land competi-
tion (Wu 1998).

Factors affecting future urban development and land-use 
change are multifaceted, and it is therefore important to take 

Table 4  Scenarios and principles for future land use change
Scenario Land Use Change Principle
Natural Scenario (S1) Natural land-use transitions driven by socioeconomic growth and climate (The binding effects 

of planning policies on land use change are not considered) (Nath et al. 2018)
Wetland Protection Scenario (S2) Restriction of land conversion in wetlands with policy-driven restoration (Reduced transition 

probability of wetlands to non-wetlands by 50%. Increased probability of non-wetlands convert-
ing into wetlands by 20%. Water bodies remain stable or slightly increase) (Hou et al. 2024a)

Wetland Degradation Scenario (S3) Intensified urban and agricultural development leading to wetland loss (Increased transition 
probability of wetlands to non-wetlands by 50%. Reduced probability of non-wetlands convert-
ing into wetlands by 20%. Water bodies remain stable or slightly reduce) (Qiu et al. 2022)

Table 5  Transfer matrix
S1 S2 S3
A B C D E A B C D E A B C D E

A 1 1 1 1 1 1 1 1 1 0 1 0 0 0 1
B 1 1 1 1 1 1 1 1 1 0 0 1 0 0 1
C 1 1 1 1 1 1 1 1 1 0 0 0 1 0 1
D 1 1 1 1 1 1 1 1 1 0 0 0 0 1 1
E 1 1 1 1 1 1 1 1 1 1 0 0 0 0 1
*A. Water Bodies, B. Swamps, C. Marshes, D. Flooded Flats, E. Non-wetlands.* 0 means conversion to another land type is prohibited, and 1 
means conversion to another land type is allowed.

Table 6  Neighborhood weight of each variety according to ΔTA
Variety Non-wetlands Water 

Bodies
Swamps Marshes Flooded 

Flats
ΔTA − 3877 6073 363 − 540 − 2019
weight 0.01 1.00 0.43 0.34 0.19
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wi =
∆TAi − ∆TAmin

∆TAmax − ∆TAmin
� (10)

where ΔTAi is the change in area of expansion for each 
class; ΔTAmin is the minimum value of change in area of 

(TA) of each land use type in the same time scale is more 
reflective of its expansion capacity, and in this study, we use 
the dimensionless value of ΔTA from 2015 to 2020 to deter-
mine the domain weights (Table 6), which are calculated by 
the following formula:

Table 7  Wetland area statistics
Year Wetland area by type(km²) Total wetland area(km²) Percentage of wetlands(%)

Non-wetland Water Swamp Marsh Flooded flat
2000 2665882.25 71215.72 34475.64 162938.06 5710.19 274339.61 9.33
2005 2663857.62 72388.92 34567.40 164513.48 4894.64 276364.44 9.40
2010 2662098.23 68049.01 36120.32 167479.75 6475.06 278124.15 9.46
2015 2658266.85 74128.77 35071.76 168244.78 4509.93 281955.25 9.59
2020 2655465.06 77970.62 36942.16 166799.89 3043.88 284756.56 9.68

Fig. 4  Spatiotemporal dynam-
ics of wetland distribution (a-e); 
Wetland area statistics by type(f)
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increases in swamps (+ 2,466.52  km²) and water bodies 
(+ 6,754.90  km²), reflects successful conservation efforts, 
hydrological recovery, or land-use shifts favoring wetland 
restoration. However, the modest decline in flooded flats 
(-2,666.31 km²) suggests localized pressures, possibly from 
agricultural intensification or altered flood regimes. This 
heterogeneous wetland dynamics sets the stage for under-
standing carbon storage changes, as wetland types like 
swamps and marshes are critical carbon sinks due to their 
high organic matter accumulation (Bridgham et al. 2006).

The breakdown of wetland types shows varied changes 
across the different categories (Table  7). Water bodies 

expansion for each class; and ΔTAmax is the maximum value 
of change in area of expansion for each class.

3  Results

3.1  Changes in Landscape Patterns

From 2000 to 2020, the wetland area in the IRB increased 
from 274,339.61  km² (9.33% of the total land area) to 
284,756.56  km² (9.68%), a net gain of 10,416.95  km² 
(Fig.  4; Table  7). This expansion, primarily driven by 

Fig. 5  Wetland landscape patterns 
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larger and more prominent. This was accompanied by an 
increase in the LSI, which peaked in 2015, suggesting more 
complex and irregular wetland patch shapes during this 
time. The CONTAG initially rose from 61.9399% in 2000 
to 64.5903% in 2015, implying greater aggregation or clus-
tering of wetland areas. However, the subsequent decline to 
61.7163% in 2020 indicates a return towards greater frag-
mentation, possibly driven by external pressures reducing 
the connectivity of wetland patches. COHESION remained 
remarkably high and stable across the entire period, consis-
tently around 99.89%, reflecting that, despite fragmentation, 
the overall connectivity of the wetland landscape remains 
largely intact. This suggests that the wetlands, while becom-
ing more fragmented in terms of patch structure, still main-
tain their ecological integrity and are not entirely isolated 
from one another. Lastly, the AI also exhibited stability, 
fluctuating around 65.6%. This consistency implies that, 
despite fluctuations in individual patch metrics, the degree 
of aggregation within wetland types has not experienced 
major changes over time.

3.2  Carbon Storage Changes

The analysis of carbon storage in the IRB wetlands over the 
period from 2000 to 2020 shows variations across different 
wetland types, including water bodies, swamps, marshes, 
and flooded flats (Fig.  6). The data presented in Table  9 
highlights the changes in carbon storage in these wetland 
ecosystems.

From 2000 to 2020, carbon storage in the wetlands of 
the IRB exhibited noticeable fluctuations across different 
wetland types. The total carbon storage increased from 
2.827 × 10⁸ tC in 2000 to 2.885 × 10⁸ tC in 2020, reflect-
ing an overall growth of approximately 5.8 × 10⁶ tC over 
the two-decade period. This increase in carbon storage is 
closely tied to both the expansion of wetland areas and the 
differing carbon densities of the various wetland types, as 
captured by the InVEST model.

The wetland types contributing most to this increase 
are marshes and swamps. Marshes, which consistently 
accounted for the largest portion of the wetland area, were 
the dominant contributors due to their relatively high car-
bon density—particularly in aboveground biomass (17.00 
tC/ha) and soil organic matter (14.00 tC/ha). Despite only 

expanded from 71,215.72  km² in 2000 to 77,970.62  km² 
in 2020. Swamps also increased in area, growing from 
34,475.64  km² to 36,942.16  km² over the same period. 
Marshs saw a modest increase, from 162,938.06 km² in 2000 
to 166,799.89 km² by 2020. However, flooded flats experi-
enced a notable decrease, shrinking from 5,710.19 km² in 
2000 to 3,043.88 km² in 2020, indicating possible shifts in 
hydrological dynamics or floodplain management.

To further examine the spatial variability of landscape 
pattern indices, a sliding window method with a window 
size of 2000 was employed (Fig. 5). This method enables 
the visualization of landscape patterns across the study area. 
By applying this approach, localized trends and variations 
in landscape metrics are captured, offering a more detailed 
insight into the spatial structure and heterogeneity within 
the landscape. The 2000-unit window size ensures that the 
analysis remains sensitive to small-scale variations while 
still being relevant at the broader landscape scale.

Landscape pattern indices (Table  8) reveal significant 
structural changes in IRB wetlands from 2000 to 2020, 
with implications for ecosystem functionality. The NP rose 
from 15,744 to 16,800, and ED increased from 0.4285 to 
0.4441  m/ha, indicating progressive fragmentation. This 
trend, likely driven by land-use pressures or hydrological 
variability, may reduce wetland connectivity, potentially 
impairing carbon sequestration efficiency (Nahlik and 
Fennessy 2016). Conversely, the LPI increased slightly 
from 0.7184 to 0.7933%, suggesting that dominant wet-
land patches remain intact, which is critical for maintain-
ing carbon storage capacity. The AI also showed a marginal 
increase (65.6419–65.7339%), implying stable spatial cohe-
sion despite fragmentation. These patterns directly inform 
subsequent carbon storage assessments, as larger, more 
aggregated patches typically enhance carbon sequestration 
by reducing edge-related carbon losses (Fickas et al. 2016). 
The PD remained relatively stable throughout the study 
period. While this reflects some constancy in the distribu-
tion of wetland patches per unit area, the rise in NP and 
ED suggests that these wetlands are becoming more frag-
mented, with new edges forming, possibly driven by shifts 
in hydrology or human activities (Fluet-Chouinard et al. 
2023). The LPI showed a peak in 2015 at 0.8001% before 
declining slightly to 0.7933% in 2020, indicating that dur-
ing this period, the most dominant wetland patch became 

Table 8  Landscape pattern indexes
Year NP ED PD LPI LSI CONTAG COHESION AI
2000 15,744 0.4285 0.0033 0.7184 132.8145 61.9399 99.8940 65.6419
2005 15,753 0.4319 0.0033 0.7250 133.3540 61.8926 99.8942 65.6424
2010 15,912 0.4334 0.0033 0.7597 133.6374 61.8692 99.8948 65.6750
2015 16,567 0.4446 0.0035 0.8001 136.0410 64.5903 99.9063 65.3289
2020 16,800 0.4441 0.0035 0.7933 135.0433 61.7163 99.8923 65.7339
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in area, contributing significantly to the overall rise in car-
bon stocks. The elevated carbon density of swamps, par-
ticularly in soil organic matter, made them key to the basin’s 
enhanced carbon sequestration, despite their relatively 
smaller coverage. Water bodies, though characterized by 
low carbon density (0.93 tC/ha), also contributed to the 

moderate expansion in area, the large carbon pool associ-
ated with marshlands has had a substantial impact on total 
carbon sequestration. Swamps, though covering a smaller 
area than marshes, played an outsized role in carbon stor-
age due to their high soil organic carbon density (18.30 tC/
ha). Over the two decades, swamps saw a gradual increase 

Year Water Swamp Marsh Flooded flat Total
2000 3,819,882 72,284,000 197,849,190 8,717,500 282,670,572
2005 3,887,493 72,296,000 200,015,970 7,507,500 283,706,963
2010 3,654,249 74,688,000 203,790,510 9,837,500 291,970,259
2015 3,985,701 73,052,000 204,395,730 7,197,500 288,630,931
2020 4,209,831 76,780,000 202,787,970 4,695,000 288,472,801

Table 9  Carbon storage (tC) by 
wetland type from 2000 to 2020

 

Fig. 6  Spatial and temporal 
dynamics of wetland carbon 
stock distribution (a-e); Wetland 
carbon stock statistics (f)
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in their extent. For example, the observed 3.79% increase in 
wetland area (from 274,339.61 km² to 284,756.56 km²) cor-
responds to a 2.05% rise in carbon storage (from 2.827 × 10⁸ 
tC to 2.885 × 10⁸ tC), aligning with the SI’s prediction of 
amplified carbon responses. This sensitivity is driven by the 
high carbon sequestration capacity of marshes and swamps, 
which dominate the IRB’s wetland landscape and store sig-
nificant organic carbon in their soils and biomass (Deng et 
al. 2022). The positive SI underscores the potential of wet-
land restoration to enhance carbon sequestration, as larger 
wetland areas, particularly those with high LPI and AI, 
facilitate greater carbon accumulation, as identified in the 
NGBoost-SHAP analysis.

The high SI also signals the vulnerability of carbon stocks 
to wetland loss, a critical consideration for the transboundary 
IRB, where land-use pressures and hydrological variability 
threaten wetland integrity (Sahana et al. 2024). For instance, 
the projected 39.37% wetland area reduction under the Wet-
land Degradation Scenario (S3) in 2030 leads to a 35.15% 
decline in carbon storage (from 2.885 × 10⁸ tC in 2020 to 
1.871 × 10⁸ tC), consistent with the SI’s implications. Con-
versely, the Wetland Protection Scenario (S2) demonstrates 
that a 12.05% wetland area increase could boost carbon stor-
age by 18.59% (to 3.421 × 10⁸ tC), reinforcing the efficacy 
of conservation policies. These findings align with global 
strategies to leverage wetlands as natural carbon sinks for 
climate change mitigation (Davidson and Finlayson 2018). 
However, the SI’s linear assumption may overlook ecologi-
cal thresholds where carbon storage declines rapidly due to 
fragmentation or hydrological stress, as suggested by the 
increased NP. Thus, wetland management in the IRB should 
prioritize maintaining large, connected wetland patches 

increase in carbon storage due to their expansion in area. 
However, their impact on overall carbon stocks was lim-
ited by their lack of substantial belowground, soil, or dead 
organic carbon pools. In contrast, flooded flats experienced 
a marked decline in area, shrinking from 5.71 × 10³ km² in 
2000 to 3.04 × 10³ km² in 2020. This contraction, coupled 
with their relatively high soil organic matter density (16.00 
tC/ha), resulted in a reduction of their contribution to total 
carbon storage. The loss of flooded flats may reflect changes 
in hydrological conditions or land use practices, which 
likely hindered their ability to maintain previous levels of 
carbon sequestration.

The overall increase in carbon stocks can therefore be 
attributed to the expansion of swamps and marshes, both of 
which possess significant carbon storage capacity in their 
biomass and soils. The InVEST model highlights that the 
high carbon density of these wetland types, particularly in 
soil organic matter, was a major factor driving the increase 
in carbon sequestration during this period. Maintaining and 
expanding these key wetland types, especially marshes and 
swamps, is critical to further enhancing the carbon storage 
capacity of the IRB.

3.3  Sensitivity of Wetlands To Carbon Storage 
Changes

To assess the sensitivity of carbon storage to wetland area 
changes in the IRB, we calculated the SI over the period 
from 2000 to 2020, yielding a value of 10.812. This high SI 
indicates that a 1% change in wetland area results in a dis-
proportionately large change in carbon storage, highlighting 
the exceptional responsiveness of IRB wetlands to variations 

Fig. 7  Comparison of model 
performance
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model to comprehend how structure of the landscape affects 
the stock-disclosure of carbon within the wetlands.

Figure  8 presents the SHAP summary plots for the 
NGBoost model, illustrating the impact of various landscape 
pattern indices on carbon storage in the IRB’s wetlands. The 
analysis provides insights into the relative importance and 
directional influence of each factor. Figure 8(a) displays a 
sample-wise SHAP summary plot for the landscape pattern 
indices after generating the NGBoost model, ranked by their 
contribution. The SHAP value is shown on the x-axis, while 
the landscape pattern indices are presented on the y-axis. 
Each point represents a wetland sample, with the color indi-
cating the value of a particular index - blue denoting lower 
values and red denoting higher values. The horizontal posi-
tion of each point indicates whether the index influences the 
prediction positively or negatively.In the NGBoost model, 
the AI, LPI, and NP emerge as the top three influential fac-
tors for carbon storage prediction. AI shows the most sig-
nificant range of both positive and negative impacts, with 
higher values (red points) generally having a larger positive 
influence. LPI also demonstrates a wide range of influence, 
with higher values typically showing a positive impact. 
NP, while having a smaller overall impact, shows a broad 

to maximize carbon sequestration while addressing trans-
boundary coordination challenges.

3.4  Feature Importance Analysis Using SHAP

In order to gain a more intuitive understanding of the 
impact of various landscape patterns on the dynamics of 
carbon storage in wetlands, we then calculated landscape 
patterns and carbon stocks for each of the 23 years from 
2000 to 2022 (Supplementary Material Table S1). The out-
comes represented in Fig.  7 depict the predictive ability 
of the applied ML algorithms: XGBoost, LightGBM, Cat-
Boost, and NGBoost to identify how different landscape 
patterns in wetlands affect carbon storage. Interestingly, 
NGBoost stood out as the most accurate model for this task, 
with the lowest MSE (0.682), RMSE (0.8259), and MAE 
(0.7811). This is because the performance of this model 
can be enhanced by the efficient management of categorical 
features and the strong gradient boosting methods that the 
model can adopt to capture the complex patterns between 
the landscape and carbon storage. From this evaluation, we 
will derive insights regarding the subsequent SHAP-based 
analysis that will focus on NGBoost, the top-performing 

Fig. 8  Local explanation of the 
NGBoost using SHAP values for 
entire study area. (a) sample-wise 
SHAP values, (b) mean SHAP 
values for each conditioning 
factor
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purely positive influence. CONTAG and COHESION dis-
play small negative impacts, while LSI and ED show minor 
positive influences. PD has the smallest mean impact among 
all indices.

These SHAP summary plots provide valuable insights 
into the complex relationships between landscape pattern 
indices and carbon storage in the IRB’s wetlands. They 
highlight the nuanced roles of landscape aggregation, patch 
size, and patch number in determining carbon storage 
potential. The analysis reveals that while increased aggre-
gation (AI) can have varied effects, larger patches (LPI) and 
a higher number of patches (NP) consistently contribute 
positively to carbon storage predictions. This information 
is crucial for understanding the model’s behavior and can 

distribution of SHAP values. The remaining indices show 
relatively smaller impacts, with their SHAP values clus-
tered around zero. Figure 8(b) illustrates the mean absolute 
SHAP values for all input landscape pattern indices. This 
visualization helps understand the magnitude and direction 
of each index’s overall impact on predicting carbon storage 
in the study area. The length of each bar represents the abso-
lute mean SHAP value, indicating the overall importance of 
the index. Blue bars indicate a positive impact, while orange 
bars represent a negative impact. AI shows the largest mean 
impact, primarily negative. This suggests that while AI can 
have strong positive effects on individual samples, its over-
all tendency is to decrease carbon storage predictions. LPI is 
the second most influential factor, with a consistently posi-
tive impact. NP ranks third in importance, also showing a 

Fig. 9  Land use under different 
future multi-scenario in 2030
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remain relatively stable. The S2 scenario, focused on wet-
land protection, exhibits the most significant gains in wet-
land area, with water bodies expanding by 21,093.03 km² 
(27.05%) and marshes increasing by 9,917.9 km² (5.95%). 
These positive changes reflect the success of conserva-
tion policies. Conversely, the S3 scenario results in sub-
stantial wetland losses. Marshes suffer the most, losing 
66,160.68  km² (a -39.67% dynamic index), followed by 
swamps, which decline by 17,142.43  km² (-46.4%), and 
water bodies, which decrease by 27,243.01 km² (-34.94%). 
This scenario demonstrates the destructive effects of urban 
and agricultural development on wetlands.

The changes in wetland area are directly linked to the 
projected carbon storage in 2030, as shown in Fig.  10; 
Table  12. Under the S1 scenario, total carbon storage 
reaches 3.229 × 10⁸ tC, with marshes contributing the larg-
est share at 2.272 × 10⁸ tC. Swamps, although smaller in 
area, also store significant carbon at 8.6296 × 10⁷ tC. The S2 
scenario, which prioritizes wetland protection, achieves the 
highest total carbon storage, at 3.421 × 10⁸ tC. The expanded 
wetland areas, particularly marshes (2.386 × 10⁸ tC) and 
swamps (9.2928 × 10⁷ tC), significantly boost the carbon 
sequestration potential of the IRB. This scenario demon-
strates the positive impact of wetland restoration efforts on 
carbon storage capacity.

In stark contrast, the S3 scenario results in a dramatic 
reduction in carbon storage, with total carbon sequestra-
tion falling to 1.871 × 10⁸ tC. The loss of marsh area, which 
drops to 1.3589 × 10⁸ tC, accounts for most of the decrease 
in carbon storage. Swamps and water bodies also contribute 
less to carbon sequestration in this scenario, reflecting the 
negative consequences of wetland degradation. The sharp 
decline in carbon storage under S3 highlights the critical 
role that wetlands play in carbon sequestration and the dan-
gers posed by unchecked land-use changes.

Collectively, the 2030 projections underscore the pivotal 
role of policy-driven wetland management in enhancing 

inform landscape management strategies aimed at optimiz-
ing carbon sequestration in wetland ecosystems.

3.5  Analysis of Results of Future Multi-Scenario 
Projections

The future multi-scenario projections for 2030, simulated 
using the PLUS model, elucidate the impacts of distinct 
land-use policies on wetland extent and carbon storage in 
the IRB (Fig. 9). These scenarios—Natural (S1), Wetland 
Protection (S2), and Wetland Degradation (S3)—build on 
the historical trends and sensitivity analysis, offering a for-
ward-looking perspective on how landscape management 
influences carbon sequestration. The variations across sce-
narios highlight the interplay between wetland area, land-
scape structure, and carbon storage, with implications for 
transboundary conservation strategies.

Table  10 provides detailed wetland area statistics for 
the different scenarios. In the S1, the total wetland area is 
290,714.32 km², accounting for 9.88% of the total land area. 
This scenario assumes no significant policy interventions, 
resulting in moderate land-use changes. In contrast, the S2 
shows the largest wetland area, at 319,091.42 km², cover-
ing 10.85% of the land. This expansion is a direct result of 
policy-driven wetland restoration and conservation efforts. 
On the other hand, the S3 results in severe wetland loss, 
with only 172,625.78 km² of wetlands remaining, making 
up just 5.87% of the land area. The steep decline in wet-
land coverage under this scenario reflects the pressures from 
urbanization and agricultural expansion.

Table 11 highlights the changes in land area by wetland 
type between 2020 and 2030 for each scenario. In S1, the 
overall wetland area shows minor changes, with a slight 
decrease in non-wetland areas, and a modest increase in 
marshes, which grow by 1,446.23 km² (a 0.87% dynamic 
index). Water areas also see a moderate increase, gaining 
4,275.06 km² (5.48%), while swamp and flooded flat areas 

Table 10  Wetland area statistics under 2030 future multi-scenario
Scenario Wetland area by type(km²) Total wetland area(km²) Percentage of wetlands(%)

Non-wetland Water Swamp Marsh Flooded flat
S1 2649507.68 82245.68 36878.09 168246.1217 3344.43 290714.32 9.88
S2 2621130.58 99063.65 39743.16 176717.79 3566.83 319091.42 10.85
S3 2767596.23 50727.61 19799.73 100639.21 1459.23 172625.78 5.87

Table 11  Area changes of different land types in different scenarios from 2020 to 2030
Scenario Property Non-wetland Water Swamp Marsh Flooded flat
S1 Area (km²) − 5957.38 4275.06 − 4.07 1446.23 300.55

Dynamic Index (%) − 0.22 5.48 − 0.17 0.87 9.87
S2 Area (km²) − 34334.48 21093.03 2801 9917.9 522.95

Dynamic Index (%) − 1.29 27.05 7.59 5.95 17.17
S3 Area (km²) 112131.17 − 27243.01 − 17142.43 − 66160.68 − 1584.65

Dynamic Index (%) 4.22 − 34.94 − 46.4 − 39.67 − 52.05
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sequestration efficiency. In contrast, the S1 maintains 
stable carbon storage (3.229 × 10⁸ tC) but misses opportu-
nities for significant gains due to limited wetland expan-
sion. The S3, with a drastic reduction to 1.871 × 10⁸ tC and 
172,625.78  km² of wetlands, illustrates the severe conse-
quences of unchecked land-use intensification, particularly 
marsh loss (-66,160.68 km²), which disrupts carbon storage 
and landscape connectivity. These findings reinforce the 

carbon sequestration and ecosystem resilience in the IRB. 
The S2 achieves the highest carbon storage (3.421 × 10⁸ tC) 
by expanding wetland area to 319,091.42 km², particularly 
through marsh (+ 9,917.9  km²) and swamp (+ 2,801  km²) 
restoration, aligning with the high sensitivity of carbon 
storage to wetland area. This scenario leverages landscape 
features like high LPI and AI, identified as key carbon stor-
age drivers in the NGBoost-SHAP analysis, to maximize 

Scenario Water Swamp Marsh Flooded flat Total
S1 4,471,161 86,296,000 227,209,290 4,887,500 322,863,951
S2 5,385,444 92,928,000 238,625,310 5,212,500 342,151,254
S3 2,757,729 46,296,000 135,894,990 2,132,500 187,081,219

Table 12  Carbon storage (tC) 
by wetland type in 2030 future 
multi-scenario

 

Fig. 10  Carbon stocks under 
different future multi-scenario 
in 2030
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increased from 65.6419 to 65.7339%, indicating sustained 
connectivity, unlike the Danube Delta, where connectivity 
declined with fragmentation (Nichersu et al. 2022). These 
patterns suggest that while fragmentation poses risks to car-
bon sequestration NGBoost-SHAP analysis (AI and LPI as 
key predictors), the IRB’s stable large patches and connec-
tivity mitigate some negative impacts, supporting carbon 
storage gains (Bridgham et al. 2006).

Regarding carbon storage, the study reveals a positive 
trend. The total carbon storage in the IRB wetlands increased 
from 2.827 × 10⁸ tC in 2000 to 2.885 × 10⁸ tC in 2020, rep-
resenting a net gain of 5.8 × 10⁶ tC over the two-decade 
period. This increase aligns with the expansion of wetland 
area, suggesting that the growth in wetland coverage has 
contributed to enhanced carbon sequestration capacity in 
the region (Zhang et al. 2023b). The analysis presented in 
this study reveals the intricate relationship between wet-
land landscape patterns and carbon storage within the IRB. 
The observed increase in wetland coverage and the associ-
ated rise in carbon storage underscore the significant role 
these ecosystems play in global carbon cycling. Despite the 
overall positive trend in wetland expansion, the study also 
notes a concurrent increase in landscape fragmentation, as 
indicated by the rising number of patches and edge density. 
This fragmentation, while not entirely detrimental, suggests 
a need for careful management to preserve the ecological 
functions of these wetlands (Nahlik and Fennessy 2016).

4.2  Sensitivity, Model Performance, and 
Implications for Ecosystem Management

The sensitivity analysis, yielding an SI of 10.812, high-
lights the acute responsiveness of carbon storage to wet-
land area changes in the IRB. This high SI indicates that 
a 1% increase in wetland area amplifies carbon storage by 
over 10%, driven by the carbon-rich marshes and swamps 
dominating the IRB (Deng et al. 2022). Compared to the 
Mississippi River Delta, where an SI of 8.23 was reported 
for coastal wetlands (DeLaune and White 2012), the IRB’s 
higher sensitivity reflects its semi-arid context, where wet-
lands are scarce but critical carbon sinks. Similarly, a study 
in the Poyang Lake Basin found an SI of 9.45, attributing 
sensitivity to large, connected wetland patches (Wang et 
al. 2023b; Zhang et al. 2017), aligning with our NGBoost-
SHAP findings that emphasize LPI and AI. The IRB’s high 
SI underscores the potential of restoration policies, as seen 
in the Wetland Protection Scenario (S2), to significantly 
enhance carbon sequestration, but it also highlights vulner-
ability to wetland loss, as projected in S3.

The ML analysis, with NGBoost outperforming 
XGBoost, LightGBM, and CatBoost, demonstrates its 
efficacy in capturing the complex relationships between 

need for proactive conservation policies, such as those mod-
eled in S2, to safeguard wetlands as critical carbon sinks and 
support transboundary climate mitigation efforts (Sahana et 
al. 2024).

4  Discussion

4.1  Interpretation of Landscape and Carbon 
Storage Dynamics

The analysis of wetland landscape patterns and carbon stor-
age in the IRB from 2000 to 2020 reveals a notable expan-
sion of wetland coverage, increasing from 274,339.61 km² 
(9.33% of the total area) to 284,756.56 km² (9.68%), a net 
gain of 10,416.95 km² (Table 7). This 3.79% increase, pri-
marily driven by swamps (+ 2,466.52 km²) and water bod-
ies (+ 6,754.90 km²), contrasts with declines in flooded flats 
(-2,666.31  km²), suggesting a heterogeneous response to 
conservation policies and hydrological changes. Compared 
to other semi-arid regions, such as the Yellow River Delta, 
where wetland area decreased by 12.4% from 1990 to 2010 
due to agricultural expansion (Kong et al. 2020), the IRB’s 
wetland growth reflects effective restoration efforts, possibly 
linked to China’s Grain for Green Project and transbound-
ary conservation initiatives (Zhang et al. 2021). However, 
unlike the Prairie Pothole Region, where wetland expansion 
enhanced carbon sequestration uniformly across wetland 
types (Gleason et al. 2011), the IRB’s mixed trends (e.g., 
flooded flat losses) indicate localized pressures that may 
limit carbon storage potential. This expansion aligns with 
increased carbon storage (from 2.827 × 10⁸ tC to 2.885 × 10⁸ 
tC), underscoring wetlands’ role as critical carbon sinks in 
the IRB.

Landscape pattern indices reveal structural changes in 
IRB wetlands, with implications for ecological functional-
ity. The NP increased from 15,744 to 16,800, ED rose from 
0.4285 to 0.4441 m/ha, and PD grew from 0.0033 to 0.0035 
patches/ha (Table 8), indicating progressive fragmentation. 
This trend mirrors findings in the Sanjiang Plain, China, 
where wetland fragmentation increased NP by 15% from 
1995 to 2015, reducing carbon sequestration efficiency due 
to edge effects (Liu et al. 2019). In contrast, the IRB’s LPI 
slightly increased from 0.7184 to 0.7933%, suggesting that 
dominant wetland patches remain intact, similar to stable 
large patches in the Everglades, which sustain carbon stor-
age despite fragmentation (Liu et al. 2005). The CONTAG 
decreased marginally from 61.9399 to 61.7163%, and the 
LSI rose from 132.8145 to 135.0433, reflecting increased 
spatial complexity, likely due to new, smaller wetland 
patches (Fickas et al. 2016). However, the COHESION 
remained stable (99.8940–99.8923%), and the AI slightly 
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However, unlike the Mekong, where mangrove restoration 
drove gains, IRB’s S2 relies on marsh and swamp expan-
sion, reflecting regional ecological differences (Yin et al. 
2024). The S2 outcomes also corroborate the high sensitiv-
ity and NGBoost-SHAP findings, emphasizing large, aggre-
gated patches (LPI, AI) as carbon sequestration drivers, 
similar to the Pantanal’s restoration scenarios (Pham et al. 
2022). This finding aligns with global trends emphasizing 
the role of wetlands in climate change mitigation, suggest-
ing that targeted wetland conservation could offer substan-
tial ecological and carbon storage benefits(Davidson and 
Finlayson 2018).

In contrast, the S3 scenario projects a 39.37% wetland 
area reduction to 172,625.78  km² and a 35.15% carbon 
storage decline to 1.871 × 10⁸ tC, driven by urban and agri-
cultural expansion. This mirrors the Yangtze River Basin, 
where wetland loss of 30% from 2000 to 2020 reduced car-
bon storage by 25% due to development pressures (Li et al. 
2020). Unlike the Yangtze, where regulatory failures exac-
erbated losses, IRB’s transboundary context complicates 
management, highlighting the need for coordinated poli-
cies (Junk et al. 2013). The S1 scenario, maintaining stable 
wetlands (290,714.32 km²) and carbon storage (3.229 × 10⁸ 
tC), resembles the Florida Everglades’ baseline projections, 
where limited intervention sustained wetlands but missed 
restoration gains (An et al. 2025). S1 suggests that without 
proactive measures, IRB wetlands may not fully leverage 
their carbon sink potential, as seen in S2. These scenarios 
emphasize the need for landscape-scale management to 
balance development and conservation, supporting biodi-
versity and water regulation alongside carbon sequestration 
(McGlathery et al. 2007).

The comparative outcomes of these scenarios offer criti-
cal insights for policymakers and land managers. They 
highlight the importance of adopting a long-term, land-
scape-scale approach to wetland management that accounts 
for both the immediate and future impacts of land-use deci-
sions. These findings support the argument that strategic 
wetland protection and restoration are necessary to not only 
maintain current carbon storage levels but also to enhance 
the IRB’s capacity to act as a regional carbon sink in the 
face of global climate change (Howard et al. 2017). In addi-
tion, the future projections serve as a reminder of the inter-
connectedness between wetland conservation and broader 
environmental services. The scenarios emphasize that wet-
lands play a multifaceted role beyond carbon sequestra-
tion, including biodiversity conservation, flood mitigation, 
and water quality improvement (Zedler and Kercher 2005). 
Therefore, a comprehensive approach to wetland manage-
ment that balances these ecosystem services with land-use 
demands is essential for ensuring the long-term sustainabil-
ity of the IRB’s wetlands (Kirwan and Mudd 2012).

landscape patterns and carbon storage. NGBoost’s proba-
bilistic approach, which models uncertainty, aligns with its 
successful application in the Amazon Basin, where it pre-
dicted carbon dynamics with 15% lower RMSE than tradi-
tional models (Duan et al. 2020). In contrast, a study in the 
Great Lakes region using Random Forest reported higher 
errors due to landscape heterogeneity (Basu et al. 2023), 
suggesting NGBoost’s advantage in handling IRB’s diverse 
wetland types. The SHAP analysis identified AI, LPI, and 
NP as key predictors, consistent with findings in the Chesa-
peake Bay, where connectivity metrics drove carbon storage 
predictions (Araza et al. 2023). These results offer action-
able insights for IRB management, prioritizing large, aggre-
gated wetland patches to optimize carbon sequestration, as 
supported by S2’s outcomes. However, unlike the Amazon 
study, which integrated climate variables, our NGBoost 
model relies on static landscape metrics, potentially limit-
ing its predictive scope (Dorogush et al. 2018).

The SHAP analysis further elucidates the contribution of 
various landscape indices to carbon storage predictions. The 
identification of key predictors, such as AI, LPI, and NP, 
offers actionable insights for targeted management strate-
gies. These findings suggest that enhancing landscape con-
nectivity and preserving large, contiguous wetland patches 
are crucial for optimizing carbon sequestration. By focusing 
on these landscape features, managers can develop strat-
egies that not only bolster the carbon storage capacity of 
wetlands but also support other ecological functions and 
services (Costanza et al. 1997).

In conclusion, the integration of advanced modeling 
techniques with sensitivity analysis provides a comprehen-
sive approach to understanding and managing the complex 
dynamics of wetland ecosystems (Herbert et al. 2021). The 
results of this study offer a clear direction for ecosystem 
management in the IRB, emphasizing the need for strate-
gies that prioritize wetland connectivity and area expan-
sion. By doing so, we can harness the full potential of these 
ecosystems as natural carbon sinks, contributing to regional 
and global climate change mitigation efforts (Mitsch et al. 
2015).

4.3  Insights from Future Multi-Scenario Projections

The PLUS model’s 2030 projections for the IRB reveal the 
critical role of land-use policies in shaping wetland extent 
and carbon storage, with distinct outcomes across the three 
scenarios. The S2 scenario, projecting a 12.05% wetland 
area increase to 319,091.42 km² and a 18.59% carbon stor-
age rise to 3.421 × 10⁸ tC, underscores the efficacy of conser-
vation policies. This aligns with projections for the Mekong 
Delta, where restoration policies increased wetland area by 
10% and carbon storage by 15% by 2030 (Dang et al. 2021). 
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critical in protection scenarios (S2). The PLUS model’s 2030 
projections, driven by historical trends and socio-economic 
factors, do not fully integrate climate change effects like pre-
cipitation or temperature shifts, which could reduce wetland 
area and carbon storage in the IRB’s semi-arid climate(Zhu 
et al. 2024). Similarly, the study underutilizes InVEST and 
NGBoost for transboundary coordination, co-benefits like 
biodiversity and water quality, and long-term monitoring, 
despite their potential to provide standardized assessments 
and driver insights for stakeholders across China, Kazakh-
stan, and Russia. Data gaps, such as coarse-resolution imag-
ery and uncalibrated carbon densities, further limit model 
validation and application to carbon markets and payments 
for ecosystem services (PES). Wetland restoration, as mod-
eled in S2, can enhance carbon sequestration, biodiversity, 
and water quality, supporting coordinated management (Li 
et al. 2024b).

Future research should address these limitations to 
improve projections and management. Higher-resolution 
imagery (e.g., Sentinel-2, LiDAR) and advanced clas-
sification (e.g., OBIA, deep learning) could enhance wet-
land delineation. Locally calibrated carbon density values, 
derived from soil and vegetation surveys, would refine 
InVEST’s estimates. For ML, sensitivity analyses of 
NGBoost distributions and SHAP’s robustness to feature 
correlations are needed. Time-series or scenario-specific 
sensitivity analyses could detect thresholds, while SHAP 
applied to future landscapes would clarify dynamic fea-
ture importance. Integrating climate variables into PLUS 
modeling would improve 2030 projections. Long-term 
monitoring of wetland area, carbon storage, landscape pat-
terns, biodiversity, and water quality, using annual remote 
sensing and seasonal field measurements, could validate 
projections (Fluet-Chouinard et al. 2023). Cross-boundary 
data-sharing platforms could standardize monitoring across 
IRB countries, supporting stakeholder workshops and PES 
programs(Chen et al. 2023). Enhanced data collection, inte-
grating dynamic climate data and ground-truth biodiversity 
metrics, would improve InVEST and NGBoost accuracy, 
informing joint agreements and sustainable wetland man-
agement (Huang et al. 2024).

5  Conclusions

This study provides a comprehensive analysis of the rela-
tionship between wetland landscape patterns and carbon 
storage in the IRB, combining both historical trends from 
2000 to 2020 and future projections for 2030 under mul-
tiple land-use scenarios. Several significant findings emerge 
from this research:

4.4  Limitations and Future Research Directions

This study integrates advanced tools to assess wetland 
dynamics and carbon storage in the IRB, but limitations 
in data and methods must be acknowledged. The GWL_
FCS30 dataset’s 30 m resolution may underestimate small 
wetland patches and linear features, while mixed pixels at 
patch boundaries contribute to classification ambiguity. 
With an 86% accuracy, misclassifications (e.g., confusing 
wetland types) can propagate through InVEST’s carbon 
storage estimates and landscape metrics, affecting model 
reliability (He et al. 2016). Similarly, the application of the 
InVEST model relies on fixed carbon density values for 
each land use type (Table 3), primarily sourced from exist-
ing literature (Schneider et al. 2010). This approach, while 
necessary for large-scale assessment due to data constraints, 
inherently simplifies the complex reality of carbon storage 
dynamics. The IRB encompasses considerable environmen-
tal gradients, leading to potential spatial variations in soil 
organic carbon, biomass, and necromass within the same 
wetland classification (e.g., marsh, swamp) that are not 
captured by using single average values. Consequently, the 
model’s outputs represent estimations of carbon stocks, and 
their absolute accuracy is subject to uncertainties stemming 
from the generalization of these carbon density parameters. 
While the relative spatial patterns and temporal changes 
identified are robust for understanding regional dynamics, 
refining the absolute quantification would necessitate exten-
sive, basin-specific field measurements to calibrate carbon 
densities for the diverse local conditions.

The ML and sensitivity analyses also have constraints. 
NGBoost relies on assumed probability distributions for 
uncertainty modeling, and its performance is sensitive to 
hyperparameter tuning, potentially affecting probabilistic 
forecast accuracy. SHAP, while interpretable, is computa-
tionally intensive and may be confounded by correlations 
among landscape metrics (e.g., AI, LPI), complicating 
importance attribution (Lundberg and Lee 2017). These fac-
tors limit the causal inference of ML results, requiring care-
ful interpretation of driver rankings. SI quantifies average 
responsiveness but does not detect non-linear responses or 
ecological thresholds, which are critical in stressed systems 
like the IRB’s wetlands (Zhou et al. 2024a).

Ecological thresholds, dynamic feature importance, cli-
mate change, transboundary coordination, co-benefits, and 
long-term monitoring pose challenges to the study’s projec-
tions. The SI assumes linear responses, potentially missing 
thresholds where carbon storage declines rapidly due to 
wetland loss or fragmentation. SHAP’s feature importance, 
based on 2000–2020 data, may shift under future scenarios; 
for instance, fragmentation metrics may dominate in deg-
radation scenarios (S3), while largest patch index may be 
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