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ARTICLE INFO ABSTRACT

Keywords: Study region: The Pearl River Basin (PRB) in South China

Attribution Study focus: Understanding impacts of climate and land use changes on terrestrial water-carbon

Climate change

Land use change

Pearl River Basin

Watershed water-carbon cycles

balance is critical for sustainable water-land management and climate change adaptation. Yet
attributing responses to individual drivers remains challenging. We develop an integrated
modeling framework to quantify contributions of changes in climate and land use and their
offsetting effects on key ecohydrological fluxes.

New hydrological insights for the region: In the PRB, we evaluate water and carbon flux responses to
climate (precipitation, potential evapotranspiration (PET)) and land use patterns (e.g., forest and
urban) across SSP-RCP scenarios (SSP126, SSP370, SSP585) in the near future (NF, 2021-2050)
and far future (FF, 2071-2100). Climate drivers generally exert stronger impacts on water and
carbon fluxes than land use drivers across the PRB, whereas land use impacts are non-negligible
and spatially heterogeneous. Specifically, urbanization increases runoff (R) (up to 34% under NF-
SSP585) and reduces net ecosystem productivity (NEP) (up to —8% under FF-SSP585), most
pronounced in the Pearl River Delta. In contrast, forest expansion reduces R and enhances carbon
sequestration especially in Dongjiang River Basin. PET impacts on regional carbon sinks are
highly scenario-dependent: higher PET enhances carbon fluxes via increased actual evapotrans-
piration in the NF, whereas under FF-SSP370 and FF-SSP585, persistently elevated PET induces
hot-dry stress that outweighs positive drivers and suppresses NEP.

1. Introduction

Water and carbon cycles are intrinsically linked and play a pivotal role in controlling material and energy exchanges between the
terrestrial ecosystems and the atmosphere (Gentine et al., 2019; Wang et al., 2024). Soil moisture (SM) and actual evapotranspiration
(ETa) are the key factors influencing plant photosynthesis, while vegetation, through canopy interception and transpiration, feeds back
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into the hydrological system (Kannenberg et al., 2024; Li et al., 2024; Sun et al., 2025; Vereecken et al., 2022). As carbon sequestration
is heavily reliant on water from soil and air, this creates inherent conflicts between water yield and carbon sequestration in watersheds
(Jackson et al., 2005; Sun et al., 2025). Understanding water-carbon response to the changing environment is essential for the inte-
grated management of water and land resources, securing water supply, and achieving carbon neutrality (IPCC, 2023; Quan et al.,
2019; Zhang et al., 2025).

The impacts of environmental changes on water and carbon cycles are multifaceted and intricate, with climate and land use/cover
change identified as two primary drivers (Dale et al., 1997; Hou et al., 2025; Huang et al., 2015; Pilla et al., 2022; te Wierik et al., 2021;
Sitch et al., 2024; Yang et al., 2025). Climate change refers to long-term changes in temperature (T), precipitation (PRE ), and other
weather patterns, largely driven by anthropogenic greenhouse-gas emissions (IPCC, 2013; Rawat et al., 2024). These changes pro-
foundly alter key terrestrial hydrological variables (e.g., ETa, runoff (R), and SM) and the carbon sequestration capacity of ecosystems.
For example, rising temperature and changing PRE  can reduce water yield but increase gross ecosystem productivity (GEP) by
shifting water partitioning toward evapotranspiration (Duan et al., 2016). Similarly, land use change caused by urbanization,
deforestation, reclamation, or afforestation modifies surface energy and water partitioning and can influence local PRE , thereby
reshaping ecohydrological processes and terrestrial carbon balance (Arantes et al., 2016; Teuling et al., 2019; te Wierik et al., 2021;
Zhao et al., 2022). Extensive evidence shows that afforestation enhances ecosystem carbon sequestration while increasing water
consumption, lowering soil water availability, and reducing watershed water yield (Farley et al., 2005; Du et al., 2021; Zhang et al.,
2021; Zhao et al., 2022). In contrast, rapid urbanization expands impervious surfaces, which reduces infiltration and flood storage and
diminishes land carbon storage (Seto et al., 2012; Li et al., 2020; Wu et al., 2024).

Numerous studies have sought to diagnose the characteristics and causes of watershed water and carbon cycles and to quantify the
contributions of individual drivers to changes in water and carbon fluxes. These studies have widely applied four approaches,
including paired catchment comparisons, empirical statistical analyses, the elasticity method, and ecohydrological modeling (Duan
etal., 2021; Luan et al., 2021). The paired catchment approach relies on observational quality and subjective assessments of watershed
similarity, which constrains its transferability to medium and large watersheds (Bosch and Hewlett, 1982; Kang and Sharma, 2024;
Lgrup et al., 1998). Empirical statistical methods are computationally simple but lack basic physics and require substantial mea-
surements (Xiao et al., 2022; Xiao et al., 2023; Wu et al., 2017). The elasticity method has been widely used in recent years, particularly
the Budyko-based elasticity method, which neglects changes in water storage and is therefore best suited to multi-year or annual scales
(Budyko and Miller, 1974; Gan et al., 2021; Chang et al., 2024). In contrast, ecohydrological models enable controlled simulations with
explicit physics, allowing attribution in ungauged areas and flexible projections under future conditions. For instance, Li et al. (2020)
coupled Water Supply Stress Index (WaSSI) with regression and causal analyses across the conterminous United States and showed that
urbanization lowers GEP via vegetation loss and impervious surfaces, yielding a clear trade-off between higher water yield and lower
carbon uptake. Similarly, in Mediterranean mountain croplands, Khorchani et al. (2022) used regional Hydro-Ecological Simulation
System (RHESSys) to demonstrate that afforestation raises net ecosystem productivity (NEP) yet reduces runoff through enhanced
transpiration, whereas warming alone had little impact. Extending this attribution capability to quantify driver importance, Hutley
et al. (2022) combined Tethys-Chloris with random forest analysis in Australian savannas and found that rising CO,, PRE , and air
temperature jointly explain approximately 90% of GEP trends, with wet-season fluxes limited by radiation and dry-season fluxes
constrained by SM. Existing studies have acknowledged the distinct impacts of climate change and land use change on regional water
and carbon cycles. However, many studies still treat water and carbon fluxes in isolation, with insufficient attention to their coupled
responses within a unified framework. Moreover, climate change and anthropogenic activities are frequently simplified into broad
driver categories, and there is a lack of systematic analyses across diverse scenarios and spatial scales to disentangle the individual
offsetting or synergistic effects of different hydroclimatic and socioeconomic drivers. Furthermore, water-carbon feedbacks specif-
ically triggered by conversions between different land-use classes have yet to be quantitatively characterized.

To tackle these questions, we develop a quantitative attribution framework based on the WaSSI eco-hydrological model (Caldwell
etal., 2012; Duanetal., 2019; Sun et al., 2011) and an improved fixing-changing method (Duan et al., 2017). Specifically, we aim to: 1)
project future evolution of water and carbon fluxes across shared socioeconomic pathway-representative concentration pathway
(SSP-RCP) scenarios from 2015 to 2100, SSP126, SSP370, and SSP585 are selected as representative scenarios, corresponding to
low-emission, medium-emission, and high-emission pathways, respectively; and 2) quantitatively attribute future changes in water
availability and ecosystem productivity to climate drivers (PRE , PET) and land use drivers (cropland (CRO), forest (FOR), grassland
(GRA), urban (URB), water (WAT), and barren (BAR)) across scenarios in both near future (NF: 2021-2050) and far future (FF:
2071-2100). The Pearl River Basin (PRB) is a typical humid region in southern China, characterized by abundant precipitation, high
evapotranspiration, and dense subtropical vegetation. As a vital carbon sink and water-conservation area, it plays a crucial role in
China’s coupled water-carbon cycling while supporting rapid socioeconomic development. Consequently, understanding how future
climate and land use changes impact water-carbon trade-offs in the PRB is critical for guiding ecological restoration and land use
management.

2. Study area and datasets
2.1. The Pearl River Basin
The Pearl River is the largest river in southern China. Its basin covers approximately 454,000 km? in total, of which about

442,000 km? lie within China, and it comprises four major sub-regions, namely the Pearl River Delta (PRD), Dongjiang (DJRB),
Beijiang (BJRB), and Xijiang (XJRB) River Basins (Qiu et al., 2022). Topography slopes from the northwestern highlands toward the
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southeastern lowlands. The region experiences a tropical to subtropical climate, with of 14-22 °C and mean annual PRE of
1200-2200 mm. The rainy season spans April to September and contributes approximately 70-85% of annual PRE  (Yan et al., 2015).
Based on 2010 MODIS land use, the dominant classes are grassland (41.7%), shrubland (29.2%), cropland (11.8%), and evergreen
forest (11.3%).

2.2. Datasets

2.2.1. Historical data

The historical datasets used in this study included sub-basin attributes, soil properties, impervious surface area, leaf area index
(LAD), land use, and climate forcing. Specifically, sub-basin attributes were derived from HydroSHEDS, including DEM, sub-basin
boundaries, and river networks. Historical land use was obtained from the MODIS MCD12Q1 product under the IGBP classifica-
tion, with two snapshots from 2010 and 2015 used in this study. Historical climate forcing was taken from the China Meteorological
Forcing Dataset (CMFD) for the baseline period (1985-2014), including air temperature, atmospheric pressure, specific humidity,
wind speed, downward shortwave radiation, and PRE . Additional details on spatial resolution, units, and projections are listed in
Table 1 to ensure consistency across inputs. Given that the WaSSI-PRB model was previously calibrated and validated in Wang et al.
(2022) (briefly summarized in Section 3.3), the historical data described here do not include the complete set used for WaSSI-PRB
model development and validation (e.g., longer historical CMFD forcing, in-situ runoff observations, and remote-sensing products
for ETa and GEP).

2.2.2. Future scenarios

We used bias-corrected and downscaled outputs from five global climate models (GCMs) participating in ISIMIP3b (Lange, 2021) to
drive future climate scenarios, and details of the selected GCMs are listed in Table S1. ISIMIP3b provides climate forcing at 0.5° x 0.5°
for 2015-2100 under SSP126, SSP370, and SSP585, including PRE , air temperature (mean, maximum and minimum), wind speed,
downward shortwave radiation, and relative humidity.

The future land use change data utilized in this study were derived from Liao et al. (2020), which provided land use projections for
China at 5-year intervals and a spatial resolution of 5 km under eight SSP-RCP scenarios for the period 2015-2100. The dataset was
developed by extracting land use demand trajectories from the Land-Use Harmonization version 2 (LUH2) dataset, calibrating the
2015 land use from LUH2-China using historical MODIS observations, and simulating future changes in six land use classes (forest,
grassland, cropland, urban, barren, and water) using the FLUS model. Consequently, the original 2015 LUH2-China land use data were
replaced with the MODIS MCD12Q1 map.

3. Methodology
3.1. Overall framework

The framework for quantifying the impacts of climate and land use changes on terrestrial water and carbon cycles under SSP-RCP
scenarios comprises three steps (Fig. 2). The first step involves hydroclimatic drivers’ spatiotemporal interpolation and land use
reclassification. Gridded datasets at various resolutions were transformed to a unified sub-basin and monthly scale to provide accurate
and consistent inputs for subsequent modeling. The second step is vegetation-specific water-carbon modeling. Utilizing future climate
and land use data, we employed an enhanced WaSSI model (WaSSI-PRB, as described in Section 3.3) to simulate the combined impacts
of climate and land use changes on sub-basin water and carbon fluxes (e.g., ETa, R, SM, GEP, NEP and RE (ecosystem respiration))
under SSP126, SSP370, and SSP585. The third step is the quantitative attribution of water-carbon balance. We coupled the WaSSI-PRB
with a fixing-and-changing method to estimate the contributions of individual climate and land use drivers to water and carbon fluxes
in NF (2021-2050) and FF (2071-2100). Additionally, the spatial distribution characteristics of the dominant factors affecting water
and carbon fluxes at the sub-basin scale are analyzed.

Table 1
Summary of the datasets used in this study.
Data Time period Spatial Temporal resolution Source
resolution
Sub-basin attributes 2008 90 m — Lehner et al. (2008)
Soil properties - 1 km — Shi et al. (2010)
Impervious cover area 2010 30 m — Brown de Colstoun et al. (2017)
Leaf area index 2000-2016 1 km 8-day Yuan et al. (2011)
Historical Land use data 2010, 2015 500 m — Friedl and Sulla-Menashe, (2019)
Historical climate data 1985-2014 0.1° 3-h Yang et al. (2010); Yang et al. (2020); He et al. (2020)
Future climate data 2015-2100 0.5° 1-day Lange (2021)
Future land use data 2015-2100 5 km 5-year Liao et al. (2020)
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Fig. 1. Location (a), topography (b), and land use (c) of the Pearl River Basin (PRB). PRD, DJRB, BJRB, and XJRB indicate the Pearl River Delta,
Dongjiang, Beijiang, and Xijiang River Basins, respectively.

3.2. Input data preprocessing

Data preprocessing includes hydroclimatic drivers’ spatiotemporal interpolation and land use reclassification. We firstly parti-
tioned the PRB into 1675 sub-basins to drive WaSSI-PRB, following the Level-9 subdivision of HydroSHEDS. The PRD, DJRB, BJRB,
and XJRB contain 111, 101, 150, and 1313 sub-basins, accounting for approximately 7%, 6%, 9%, and 78% of the basin area. To ensure
spatiotemporal consistency, all gridded datasets were harmonized to a common sub-basin-monthly scale. Non-monthly products (e.g.,
3-hourly and 8-day datasets) were temporally aggregated into monthly values through summation or averaging, depending on their
physical attributes. For spatial processing, high-resolution continuous variables were converted to sub-basin values using area-
weighted averaging. For categorical data such as land-use types, the fractional area of each class was quantified within each sub-
basin boundary to determine the corresponding LAI and impervious surface fractions. Coarser-resolution datasets were transferred
to the sub-basin scale using a spatial interpolation based on the Thiessen-polygon method, following the protocol documented in Duan
et al. (2022). Further preprocessing details are available in the WaSSI User Guide (Caldwell et al., 2019).

In addition, land use datasets required harmonization and reclassification across products and scenarios. For land use, we
harmonized the FLUS and MODIS classification systems to the WaSSI scheme for model inputs. A conversion matrix between FLUS and
MODIS was adopted from Liao et al. (2020). First, the 2015 MODIS map was used to compute sub-basin fractions for each land use
class. Second, FLUS projections (six classes) were reclassified to the MODIS system (16 classes) using those fractions. Finally, MODIS
classes were aggregated to ten categories following the Anderson primary scheme: cropland, evergreen forest, deciduous forest, mixed
forest, shrubland, grassland, urban, water, wetland, and barren (Konarska et al., 2002).

3.3. Vegetation-specific water-carbon modeling

The WaSSI model is an integrated, water-centric monthly model with three core modules: evapotranspiration, water cycling, and
carbon cycling (Sun et al., 2011). It has been used to assess the impacts of climate change, land use change, and water demand on basin
hydrology and ecosystem function, and has seen wide application in the United States (Caldwell et al., 2012; Duarte et al., 2024), China
(Tang et al., 2018), Australia (Liu et al., 2018) and Rwanda (Bagstad et al., 2018).
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Fig. 2. The overall framework summarizing three parts of this study.

The WaSSI model consists of water and carbon cycling modules, and is driven by sub-basin attributes, impervious surface area, LAI,
land use, and climate forcing. In this study, the modules are used to simulate water fluxes (R, ETa, and SM) and carbon fluxes (GEP, RE,
and NEP) for each land use class at the sub-basin scale across the PRB. In the water cycling module, potential actual evapotranspiration

(PAET) is first derived from an empirical relationship among PET, LAI, and PRE

, and it represents evaporative demand without soil

moisture constraints. The Sacramento Soil Moisture Accounting Model (SAC-SMA) model is then used to impose a supply constraint so
that ETa reflects the available water in layered soil reservoirs, while infiltration, soil moisture storage, and drainage are also simulated
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by SAC-SMA. In the carbon cycling module, GEP is estimated from an empirical relationship between ETa and biome-specific WUE, and
then RE is inferred from GEP using an empirical formula, thereby yielding NEP. More details on the WaSSI model are available in Sun
et al. (2011) and Caldwell et al. (2012).

We developed an enhanced version of WaSSI (WaSSI-PRB), in which the water and carbon cycling module were improved to
account for regional characteristics and climate variability. In the water cycling module, the (Food and Agriculture Organization of the
United Nations) FAO Penman-Monteith (PM) reference evapotranspiration equation (Allen et al., 1998) replaced the original Hamon
equation (Hamon, 1963) to compute PET, providing a more comprehensive representation of the combined effects of radiation, hu-
midity, wind speed, and other climate drivers on the ET process. To improve regional applicability and simulation accuracy, we applied
the SCE-UA algorithm (Duan et al., 1994) to calibrate four key parameters in the PAET equation. Calibration was conducted separately
for sub-regions (PRD, DJRB, BJRB, and XJRB) using observed monthly runoff data, and the specific equations are given below:

PAETxrg = 0.1740 x PRE 4 0.5020 x PET +5.3100 x LAl +0.0222 x PET x LAI (€D)]
PAETg;ps = 0.2498 x PRE +0.0011 x PET +7.5789 x LAl +0.0010 x PET x LAI (2)
PAETp;rs = 0.3010 x PRE +-0.3020 x PET 4 6.4452 x LAI+0.0010 x PET x LAI 3)

where PRE s precipitation, PET is potential evapotranspiration, and LAI is the monthly average leaf area index. The four calibrated
parameters are the empirical coefficients on PRE , PET, LAI, and PETxLAI in Egs. (1)-(3). For PRD sub-basins, PAET coefficients were
adopted from the geographically nearest subregion (DJRB, BJRB, or XJRB), given the limited runoff observations within PRD.

In the carbon cycling module, the original WaSSI model estimated GEP using a simple linear relationship (GEP = WUE x ETa),
without accounting for the nonlinear effects of atmospheric dryness. To address this limitation, we adopted the underlying water use
efficiency (uWUE) framework proposed by Zhou et al. (2014), which incorporates vapor pressure deficit (VPD) to better reflect the
coupling between carbon uptake and water loss. In our implementation, GEP is calculated as:

uWUE x ETa

GEP = ———— 4
VPD%S (€]

where uWUE is a land use specific constant adopted from Du (2019) based on the FLUXNET2015 dataset and ranges from 0.00 to
2.74gC kPa®> kg’1 H20 (see Supplementary Table S2). VPD is computed at the monthly scale using the FAO-56/Tetens formulation,
incorporating maximum/minimum temperature (Tmax and Tmin) and relative humidity framework to minimize bias from the
nonlinear temperature dependence of saturation vapor pressure (Allen et al., 1998; Zongxing et al., 2014). Based on the GEP esti-
mation, we adopted empirical formulas from the original WaSSI model to calculate RE and NEP, where RE is modeled as a linear
function of GEP:

RE = m+n x GEP (5)
NEP = GEP — RE (6)

where m and n are empirical coefficients representing base respiration and carbon-use efficiency, respectively (Sun et al., 2011).

It is worth noting that the water cycling module of WaSSI-PRB was calibrated and validated in our previous work (Wang et al.,
2022), where the model structure and input datasets were established. The corresponding validation results are shown in Supple-
mentary Section S1 Fig. S1 and Fig. S2. In addition, the carbon cycling module is refined and validated in this study, and details of its
results are also described in Supplementary Section S1.

3.4. Quantitative water-carbon balance attribution

We applied an improved fixing-changing method to disentangle the individual and interactive impacts of multiple driving factors,
based on simulations from the WaSSI-PRB model (Duan et al., 2017, 2022, 2023). This enhanced approach enables a more combined
and quantitative assessment of the relative contributions of each factor to changes in water and carbon fluxes.

Eco-hydrological models are widely used to evaluate the impacts of climate change and human activities on regional water and
carbon dynamics. A common approach involves coupling physics-based models with the fixing-changing method to conduct controlled
simulations for single-factor attribution (Lu et al., 2015; Woldesenbet et al., 2017; Souza da Silva et al., 2023). However, due to
nonlinear interactions among input variables, the traditional fixing-changing method usually fails to capture inter dependencies be-
tween factors. This limitation can result in a discrepancy between the sum of individual contributions and the total system impact, a
phenomenon referred to as non-closure. To address this issue, we adopted an enhanced fixing-changing method that explicitly in-
corporates interaction impacts.

The experiments are structured as follows: the baseline period is defined as 1985-2014, while the near future and far future periods
are 2021-2050 and 2071-2100, respectively. Within each future period, only one individual climate variable or land use class is
varied, while all other variables are held at their baseline values. We run WaSSI-PRB to assess changes in water and carbon fluxes
relative to the baseline. The relative contribution of each factor is computed as:

AE = f(Co,1%) ~f(C4,19) =3 B+ > " By, +En %)
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Here,AErepresents the combined impact of simultaneous changes in all climate variables (C;,i =1,2,...,n) and land use classes (L;,j
=1,2,...,m) on water and carbon fluxes. The functionf( - )denotes the simulated water or carbon flux (e.g., R, ETa, GEP, NEP), and t
and tyrepresent the baseline and future period, respectively. Thus,f(C% L )andf(C% L7 )refer to WaSSI-PRB simulations under baseline
and future periods, where all climate and land use drivers are held as their baseline values. The isolated impact of an individual
factor,E¢, orEy,is estimated using a fixing-changing scenario in which only the factor under investigation is modified to its future state,

while all other variables are held as their baseline levels, as:
EC, :f(c?.’ CE,L”’) —f(C®,L%), andFL; :f(c[b’L;f7Lt7hj> —f(C®, L) (€))

whereC?andL?represent the future values of the i-th climate and j-th land use driver , respectively;C%andL%denote all climate and
land use drivers held at their baseline levels. And C?L andL;idenote all other climate (i.e., all components except but driver i or j) and
land use variables held at their baseline levels.

The effect of interaction term (Ep,) is calculated as the difference between the total change (AE) and the sum of the individual
contributions from all climate and land use drivers. It accounts for the nonlinear coupling and synergistic effects among multiple
drivers, which are not captured when factors are analyzed independently. This term ensures the closure of the attribution framework:

B =AE—) " Eq—Y " E, ©

To facilitate comparison of the relative importance of each driver, all contributions are normalized by the total absolute change,
their contributions (%) are quantified by the relative weights as:

S= Zi":l ‘Eci| + ZJ"; ‘ELj| + ‘Elnt‘7

Ec E, E
Re, = ?‘3 x 100%, Ry, = % x 100%andRy, = % x 100% (10)

whereR, SRy andR;, represent the percentage contribution of the i-th climate driver and j-th land use driver and the interaction term
(Int), respectively. In addition, we define the dominant driving factor is defined as the individual main-effect driver with the largest
relative absolute contribution|R.|among {PRE , PET, BAR, CRO, FOR, GRA, URB, or WAT, but Int}.

For each SSP-RCP scenario (SSP126, SSP370, SSP585), we designed attribution experiments to quantify the contributions of two
climate drivers (PRE  and PET) six land use drivers (CRO, FOR, GRA, URB, WAT), and barren (BAR)) to changes in water and carbon
cycles for the PRB in the NF (2021-2050) and FF (2071-2100). The rationale for these experiments settings is outlined as follows:

1. Selecting PRE and PET as climate drivers. PRE and PET are selected among all climatic variables due to these two drivers
show lower intercorrelation and can be treated as relatively independent drivers (Chen and Buchberger, 2018; Roderick and
Farquhar, 2011). Moreover, existing studies indicate that, compared to other meteorological variables such as Tmax, Tmin, VPD and
downward shortwave radiation (Srad), PET has a strong association with the carbon sequestration capacity (Chen et al., 2025;
Zhang et al., 2023). In the PET experiment, we calculate PET with the PM method from future meteorology (Tmax, Tmin, surface
pressure, wind speed, Srad, relative humidity). Consequently, the effect of PET represents an integrated response to multiple un-
derlying climate drivers. To maintain internal consistency, derived variables—e.g., VPD in the carbon cycling module, computed
from the same future temperature and relative humidity—are updated accordingly, while other forcings remain unchanged.
Correspondingly, in the PRE  experiment, only precipitation is updated to its future values, whereas PET and the other variables
are held at their baseline (Fig. S3a).

2. Quantifying the impact of individual land use classes. Within each sub-basin, the total area is conserved, while the LAI values
and impervious fraction associated with each land use class are kept consistent with their baseline characteristics. For a given focal
land use class j (e.g., forest, urban), changes are derived from spatial overlays between the baseline map (2010) and the projected
NF (FF) maps at the grid-cell level. The overlays identify the donor classes converting to the focal class (Aj+) and the recipient

locations where the focal class contracts (Aj’). Only focal-other conversions (Aj+ UA]-’) are retained, while conversions among the
other non-focal classes remain at their 2010 levels. This design is illustrated conceptually in Fig. S3b.

Furthermore, to address the inherent uncertainties associated with relying on a single model, we adopt a multi-model ensemble
approach. For each SSP-RCP scenario, WaSSI-PRB is driven separately by meteorological forcings from five GCMs, each paired with its
corresponding land use projection. The arithmetic mean of the five simulations is used as the ensemble mean for that scenario and
serves as the basis for subsequent analyses of future water-carbon flux dynamics and driver attributions.

4. Results

4.1. Future climate and land use changes

4.1.1. climate change
According to the ensemble mean of the five GCMs, long-term projections (2015-2100) indicate upward trends in annual T, VPD,
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PRE , and PET across the PRB, with magnitudes and spatial patterns varying by scenario (Fig. 3al-d1; Fig.S4). Specifically, the growth
rates of T, VPD, and PET increase with higher emission scenarios, being lowest under SSP126 and highest under SSP585. The cor-
responding ranges are 0.011-0.063 °C-yr™' (T), 0.0003-0.0047kPa-yr! (VPD), and 0.95-3.48 mm-yr! (PET) (Fig. 3al, b1, d1).
Notably, these increases are most pronounced in the northern sub-basins, where local rates exceed 0.069 °C-yr~, 0.0060 kPa-yr~, and
4.17 mm-yr~ under SSP585 (Fig. S4a6, b6, d6). By comparison, PRE  increases more modestly, with the highest rate under SSP585
(3.07 mm-yr!), while the lowest rate occurs under SSP370 (2.79 mm-yr™'). Spatially, increases are higher in the eastern PRB,
particularly the DJRB, and lower in the western XJRB (Fig. 3cl; Fig. S4c4-c6).

Fig. 3a2-d2 and Fig. 4 summarize relative changes of four climate variables in the NF (2021-2050) and FF (2071-2100) relative to
the baseline (1985-2014). In NF, relative changes are moderate. T and PET show consistent increases, ranging from 9% to 10% and
4-9%, respectively, whereas VPD slightly declines (<5%) (left half of the Fig. 3a2, b2, d2). By contrast, PRE exhibits small but scenario-
dependent changes, with a slight decrease (0.3%) under SSP370 and modest increases (6% under SSP126 and 3% under SSP585) in the
other scenarios (left half of Fig. 3c2).

In contrast, almost all climate variables exhibit substantial increases in the FF compared to the baseline, with the exception of VPD
under SSP126. Under SSP585, T, VPD, PRE , and PET are projected to rise by 27%, 37%, 14%, and 26%, respectively (right half of
Fig. 3a2-d2). These increases are most pronounced in the upper reaches of the XJRB, highlighting a robust pattern of warming and
wetting and enhanced evaporative demand across the PRB. Notably, under the lowest emission scenario (SSP126), VPD decreases
markedly in the eastern PRB, yielding a basin-wide decline (<5%). This VPD reduction aligns with enhanced moisture transport and
higher PRE , whereby actual vapor pressure outpaces the warming-driven rise in saturation vapor pressure. Given that PET is
computed using the PM method, the overall pattern suggests that increases in PET are driven primarily by higher net radiation and
temperature, with a secondary contribution from atmospheric dryness.

4.1.2. Land use change

Future land use patterns are projected to show a net expansion of forest and urban, with corresponding declines in grassland and
cropland across the PRB (Fig. 5; Fig. S5). In the baseline (2010), the land cover comprised forest (43.1%), grassland (41.8%), cropland
(11.8%), water (0.7%), urban (2.6%) and barren (0.1%). By 2050, forest and urban proportions are projected to range from 48.8% to
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Fig. 3. Projected trends of climate variables in the PRB under SSP-RCP scenarios from 2015 to 2100. Panels (al-d1) show the variation in annual
temperature (T), vapor pressure deficit (VPD), precipitation (PRE ), and potential evapotranspiration (PET), where solid lines represent ensemble
mean of the five GCMs, shaded bands indicate the full inter-model range, and slopes reflect long-term linear trends estimated by ordinary least
squares (OLS), with significance assessed by a two-sided t-test (p < 0.05). Panels (a2-d2) represent the mean annual values in all climate variables
during the baseline period (BP: 1985-2014), near future (NF: 2021-2050), and far future (FF: 2071-2100). Bar colors in (a2-d2) correspond to
SSP126, SSP370, and SSP585, following the same color scheme as in (al-d1). Dashed lines indicate the boundaries between time periods.
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Fig. 4. Spatial distribution of the relative changes (NFEPBP x 100% or ZZBE 100%) in climate variables across the PRB under SSP-RCP scenarios

during the NF and FF, relative to the BP.

53.4% and 2.8-3.1%, respectively, both exhibiting significant increases relative to baseline. In contrast, grassland and cropland
fractions are projected to decline, ranging from 36.4% to 39.0% and 10.9-4.0%, respectively. Notably, after 2050, forest, grassland,
and cropland continue to change substantially, whereas urban expansion slows and tends to stabilize. By 2100, the projected pro-
portions are 49.4-58.8% (forest), 2.8-3.1% (urban), 29.9-40.4% (grassland), and 1.3-10.5% (cropland). In addition, Sankey diagram
(Fig. 5b) further reveal the dominant land use transitions across the PRB. Grassland is primarily converted to forest, while cropland is
predominantly transformed into grassland, particularly in the XJRB. In contrast, urban expansion occurs mainly at the expense of
grassland, with the most intensive encroachment observed in the PRD.

4.2. Future water and carbon fluxes changes

4.2.1. water fluxes change
Figs. 6-7 and Fig. S6 illustrate the projected evolution of ETa, R, and SM across the PRB under the combined impacts of climate and
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Fig. 5. Land use spatial distribution (a) and transition trajectories (b) in the PRB under SSP-RCP scenarios during the baseline year (2010) and
future periods (2020-2100). Panel (a) shows the spatial patterns of six land- use classes: CRO, FOR, GRA, URB, BAR, and WAT. Panel (b) illustrates
the temporal evolution and percentage transitions of each land use category across time slices under all scenarios. Fig. S5 shows the land- use
changes in the PRB and its four major sub-regions from 2015 to 2100.
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land use changes. From 2015-2100, ETa and R exhibit clear upward trends, with growth rates ranging from 0.93 to 1.50 mm-yr~' and
1.23-1.67 mm-yr™, respectively. Unsurprisingly, the highest increase for both is observed under SSP585, whereas the lowest is found
under SSP126 (Fig. 6 al, bl). Spatially, the most pronounced increases in ETa occur in the lower XJRB and DJRB, whereas the largest
increases in R are generally concentrated in the DJRB and PRD (Fig. 7 a6, b6). However, SM remains relatively stable throughout the
period, fluctuating between 310 and 360 mm, without a discernible trend (Fig. 6 c1; Fig. S6 c1-c6)

Relative to the baseline, projections indicate slight basin-wide increases in ETa, whereas R shows stronger scenario dependence and
SM tends to decline under most scenarios in NF. Specifically, ETa increases range from 0.5% to 5% across the PRB (left half of the Fig. 6
a2). Meanwhile, we observed that R increases by 2% under SSP585 and 7% under SSP126 across the PRB (left panel of Fig. 6 b2).
However, several upper XJRB sub-basins exhibit declines of 10-20%, particularly under SSP370, resulting in an overall basin-wide

SSP126 Slope=1.03 (p<0.05) ' : (a1) . ! (a2)
<1000 SSP370 Slope=0.93 (p<0.05) : : : .
5 SSP585 Slope=1.50 (p<0.05) : : BP '— NF —!¢— FF —
E 900 : NF > : FF > ' 5;882 - 899
= : ] 1 1835 51 '
800 ; ; : 796 & | 800 ;/ /F
' ' ' ‘ 1| /|
~1050{ — SSP126 Slope=1.67 (p<0.05) . : (b1) ' " (b2)
L SSP370 Slope=1.23 (p<0.05) : ! ' .
2 900{ — SSP585 Slope=1.47 (p<0.05) : ! H !
£ i X N i [ '
L
E : : ) - ' 5 757
@ 7501 ) ¢ ! 1712 ' 723 57
! 4 ' 664 | 653 6791 ’/
i [} !
600 l ; : } ! Z ;
: ! ‘
PN SSP126 Slope=0.13 (p<0.05) : : (c1) : ' (c2)
| 3904 — SSP370 Slope=-0.03 (p>0.05) : : : :
= SSP585 Slope=-0.10 (p<0.05) i i i :
£ d ' ' ' ' '
£ 360 :
£ ] ; : 344 | 1385
s d ; ' 337 335 335,74 334 33
& 3301 | i ' ! ' 7 i
' ] 1 [} ' /
! : : } W A / [ /-|
T SSP126 Slope=1.93 (p<0.05) - ' (d1) s ' (d2)
22400 — SSP370 Slope=-2.25 (p<0.05) A ‘ ' ;
e SSP585 Slope=-2.83 (p<0.05) : ' ' V518
- [ 1 ] 1 '
Q, 21001 ; \ ; 2058 . .. 2024
-~ 1 ' ' 1922 ¢ W 1889 1879
& 1 1 L3 1) ] oA T
W 1800 ! : ; ‘ i % 7
T 800+ SSP126 Slope=1.03 (p<0.05) : : (e1) : ’ (e2)
> SSP370 Slope=-0.99 (p<0.05) ' . ' :
TE 7004 — SSP585 Slope=-1.06 (p<0.05) - ' . ! 680
1 ] » 1 ]
o A \ H 62 ooy 613}
o : : : | W ss1 58
& ' ' \ ' ' ‘ VMJ }//
500 ' ' ' { '
z - . . - T : : .
1800 : ; : :
4 SSP126 Slope=0.90 (p<0.05) ! : (f1) - ) (f2)
s SSP370 Slope=-1.26 (p<0.05) - - . -
~ 1600 SSP585 Slope=-1.77 (p<0.05) ' ; ! !
IE ' \ ; 1436 '%
O 1400 /f \ ' | a@mm 1391 1411:/
2 ‘ : y 1349 § :i/ 1337 131
© 0l ! : ‘ : i
2020 2030 2040 2050 2060 2070 2080 2090 2100

Time(year)

Fig. 6. Projected trends of water and carbon fluxes (ensemble mean of five GCMs) in the PRB under SSP-RCP scenarios from 1984 to 2100. Panels
(al-f1) show the variation in water fluxes, including actual evapotranspiration (ETa), runoff (R), and soil moisture (SM), and in carbon fluxes,
including gross ecosystem productivity (GEP), net ecosystem productivity (NEP), and ecosystem respiration (RE); and slopes reflect long-term linear
trends estimated by OLS from 2015 to 2100, with significance assessed by a two-sided t-test (p < 0.05). Panels (a2-f2) represent the mean annual
values during the BP, NF, and FF. Bar colors in (a2-f2) correspond to SSP126, SSP370, and SSP585, following Bar colors in (a2-f2) correspond to
SSP126, SSP370, and SSP585, following the same color scheme as in (al-f1).
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Fig. 7. Spatial distribution of the relative changes <Ng’PBP x 100% or T=BE x 100%) in water and carbon fluxes across the PRB under SSP-RCP

scenarios during the NF and FF, relative to the BP.

decrease of approximately 2% in R under SSP370 (Fig. 7 b2). In contrast, SM shows a slight overall reduction, with marginal increases
observed only in parts of the lower XJRB and DJRB (Fig. 7 c1-c3). These localized gains are insufficient to offset broader losses, leading
to basin-wide declines of 2-3% (left half of Fig. 6 c2). In FF, both ETa and R exhibit substantial increases of 7-13% and 14-19%,
respectively (right panels of Fig. 6a2 and b2). Notably, under SSP585, increases in ETa of 20-30% are widespread across PRB sub-
basins (Fig. 6a3), and R increases exceed 40% in parts of the eastern XJRB under SSP126 (Fig. 6b1). In contrast, SM continues to
show a slight decline under both SSP370 and SSP585 (right panel of Fig. 6 c2; Fig. 7 ¢1-6¢3).

4.2.2. Carbon fluxes change

Figs. 6, 7, and S6 also indicate that basin-wide GEP, NEP, and ecosystem respiration (RE) increase under SSP126, whereas they
decline under the higher emission scenarios (SSP370 and SSP585) from 2015 to 2100 across the PRB. Under SSP126, most sub-basins
exhibit increasing trends in GEP, NEP, and RE, with localized declines confined to the lower PRD (Fig. S6 d4, e4, and f4), resulting in
basin-mean growth rates of 1.93, 1.03, and 0.90 gC-m=2.yr~! for GEP, NEP, and RE, respectively. In contrast, under SSP370 and SSP585,
all three fluxes decline, with GEP, NEP, and RE decreasing by 2.25-2.83 gC-m2.yr™!, 0.99-1.06 gC-m2yr !, and 1.26-1.77 gC-m 2.yr?,
respectively. These reductions are most pronounced in the middle and upper XJRB (Fig. S5d6, S5e6, and S5f6), highlighting the re-
gion’s heightened sensitivity to long-term climate and land use changes.

Specifically, relative to the baseline, carbon fluxes across the PRB are projected to increase under all emission scenarios, indicating
a basin-wide enhancement in ecosystem carbon uptake and productivity in NF (left panels of Fig. 6 d2, e2, and f2). Under SSP126, the
increases are most pronounced, with GEP, NEP, and RE rising by 7%, 9%, and 7%, respectively. By comparison, under the higher
emission scenarios (SSP370 and SSP585), increases are smaller but remain evident, typically 3-5% across the three fluxes. Although
the basin-mean signals are positive, localized stagnation or slight declines persist in several sub-basins of the upper XJRB and the lower
PRD (Fig. 6 d1-d3, el- 3, f1-f3).

However, the results suggest that terrestrial carbon sequestration capacity is weakened in the PRB in FF under higher emission
scenarios (right panels of Fig. 6 d2, e2, and f2). Under SSP126, basin-wide GEP, NEP, and RE increase by 13%, 19%, and 10%,
respectively, reflecting continued enhancement of ecosystem productivity and carbon cycling under lower-emission conditions. In
contrast, GEP, NEP, and RE decline by approximately 2%, 3%, and 1%, respectively, under SSP370 and SSP585. Notably, this decline in
NEP is attributed to the mechanism whereby the increase in RE outpaces that of GEP. Spatially, the most pronounced decreases occur in
the upper XJRB, where NEP drops by more than 40% (Fig. 7 e5-e6). This pattern is consistent with stronger warming and evaporative
demand, which amplifies RE relative to GEP in water-limited sub-basins and thereby reduces NEP.

4.3. Attribution of climate and land use impacts on water and carbon fluxes

4.3.1. Contributions of individual driving factors

Based on the attribution experiments in Section 3.4, we quantify the contributions of climate and land use drivers to water and
carbon fluxes for the PRB and its four sub-regions in both NF and FF, with results summarized in Fig. 8 and detailed in Figs. S7-S8.
Overall, future changes feature notable offsetting among drivers. Climate drivers exert far stronger control on water fluxes than land
use, whereas land use drivers play a comparatively more pronounced role for carbon fluxes, especially in NF.

Changes in water fluxes are predominantly driven by climate drivers across the PRB (Fig. 8 al-c4 in the PRB). Under most future
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scenarios (except for NF-SSP370), both PRE and PET increase, establishing a robust climate-dominance pattern in hydrological
responses.

Specifically, ETa rises due to concurrent positive contributions from PRE (10-52 mm-yr~!, 19-45%) and PET (25-68 mm-yr’,
32-55%); R is primarily enhanced by PRE (32-166 mm-yr~, 61-80%), while PET exerts a negative feedback (—57 to —16 mm-yr,
—30 to —13%) by elevating atmospheric evaporative demand and partially offsetting the PRE-driven increase. SM is co-modulated by
PRE (3-15 mm-yr', 20-53%) and PET (—18 to —5 mm-yr™!, —57 to —28%), whose opposing effects largely offset each other, resulting
in minimal net change. However, under the NF-SSP370 scenario, where PET continues to rise while PRE slightly declines, the typical
offsetting balance is disrupted. Specifically, the reduction in PRE exerts consistent negative effects on ETa (—2 mm-yr™!, —6%), R
(=2 mm-yr~, —9%), and SM (-2 mm-yr™!, —17%). Meanwhile, PET maintains the sign of its impact on these water fluxes, continuing
to enhance ETa while suppressing R and SM.

In contrast, land use drivers play secondary roles overall but exhibit marked differentiation in their effects on water fluxes. Changes in FOR
or GRA contribute positively to ETa (typically within 10%), while exerting negative effects on R and SM, generally ranging from —5-0% and
from —7% to —3%, respectively. CRO exhibits similar directional effects on the three fluxes as FOR and GRA but with smaller magnitudes. URB
contributes positively to R (<3%) but slightly reduces ETa (approximately —2%) and SM (—4% to —2%). BAR and WAT show effects of
similar sign to URB but are negligible in magnitude.

We further investigate the impacts of various driving factors on basin-wide carbon fluxes (Fig. 8 d1-f4 in the PRB). At the PRB scale,
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Fig. 8. Impacts of individual drivers on water and carbon fluxes in the PRB and its four sub-regions under SSP-RCP scenarios during the NF and FF,
relative to the BP. Panels (al-a2, b1-b2, c1-c2) show absolute changes in ETa, R, and SM (mm-yr™); panels (d1-d2, el-e2, f1-f2) show absolute
changes in GEP, NEP, and RE (gC-m2-yr'). Absolute changes are attributed to individual driving factors using the fixing-changing approach (Egs.
(7)-(9)). Panels (a3-a4, b3-b4, c3-c4) and (d3-d4, e3-e4, f3-f4) indicate the contributions (%) of each driving factor to the total change in the
respective fluxes, computed with Eq. (10). PRE , PET, BAR, CRO, FOR, GRA, URB, WAT, and Int denote the contributions attributable to changes in
precipitation, potential evapotranspiration, barren land, cropland, forest, grassland, urban land, water bodies, and interactions among drivers,
respectively. AE denotes the net change in each flux. “climate” denotes the sum of contributions from PRE and PET, and “land use” denotes the
sum from BAR, CRO, FOR, GRA, URB, and WAT. Detailed values are provided in Figs. S7-S8.

12



X. Wang et al. Journal of Hydrology: Regional Studies 64 (2026) 103303

changes in carbon fluxes are primarily controlled by the relative strength of PRE  and PET, with PET generally exerting the stronger
impact. Specifically, increases in PRE  positively influence carbon fluxes in all future scenarios except for NF-SSP370, where a slight
declinein PRE leads to reduced carbon fluxes. Meanwhile, although PET rises markedly in all future scenarios, its effect exhibits clear
scenario dependence: in NF, higher PET enhances carbon fluxes by strongly increasing ETa under all SSP-RCP scenarios; however, in FF
under medium-to-high emission scenarios (SSP370 and SSP585), persistently elevated PET induces hot-dry atmospheric, leading to a
pronounced suppression of carbon fluxes. Notably, land use drivers also exert a significant influence on carbon fluxes: FOR and GRA
typically provide a stable enhancement, while CRO shows a more prominent negative effect. Given the functional coupling of GEP, RE,
and NEP in our framework (Egs. (5)-(6)), factor-specific effects are largely consistent across all three carbon fluxes.

We therefore focus on NEP (Fig. 8 el-e4 in the PRB), which directly represents the net carbon balance, with detailed GEP and RE
results provided in Fig. 8 el-e4 and Fig. 8 f1-f4, respectively. As an illustrative example, relative to the baseline, under NF-SSP126, NEP
is projected to increase by 50 gC-m=-yr'. Of this increase, PET and PRE  contribute +34 gC-m™yr™' (43%) and +10 gC-m™2.yr™!
(13%), respectively; FOR and GRA contribute approximately +9 (12%) and +11 (14%) gC-m>yr™, while CRO contributes —10
gC-m2.yr? (—13%). However, under FF-SSP585, NEP decreases by 15 gC-m2-yr™'. Although PRE , FOR, and GRA provide positive
contributions of +28 (21%), +11 (8%), and +20 (15%) gC-m2.yr’, these gains are insufficient to offset the PET-driven suppression
(—58 gC-m2.yr!, —44%) and the negative Int (—12 gC-m~2-yr™!, —9%). Additional minor negative contributions from BAR, URB, and
WAT further reinforce the overall decline in NEP.

Basin-scale generalization is insufficient to capture the spatial heterogeneity of driving mechanisms on water and carbon fluxes. We
therefore reveal significant spatial differentiation at the sub-regional scale, which is primarily attributed to the modulatory effects of
land use change (Fig. 8 al-f4 in the four sub-regions). For instance, in the PRD, urban expansion yields a positive URB contribution to R
(up to 34% under NF-SSP585) and a negative URB contribution to NEP (up to —8% under FF-SSP585), highlighting coupled runoff
amplification and carbon-sink suppression (Fig. 8 b3 and e4 in the PRD). Meanwhile, FOR and GRA exert stronger effects in the DJRB
and BJRB, yielding a pattern of hydrological reduction coupled with enhanced carbon sequestration. Specifically, the effect of FOR on
R is most negative under NF-SSP370, reaching —14% and —16% in the DJRB and BJRB, respectively (Fig. 8 b3 in the DJRB and BJRB).
And the effects of FOR and GRA contribute positively to NEP across all scenarios—for example, their contributions peak at 31% (FOR)
and 50% (GRA) in the BJRB under NF-SSP585 and at 23% (FOR) and 30% (GRA) in the DJRB under FF-SSP370 (Fig. 8 €3 in the BJRB
and e4 in the DJRB). Furthermore, in the XJRB, the sustained reduction in cropland area under SSP370 leads to a markedly negative
effect of CRO on NEP, with a maximum contribution of —35% (FF-SSP370), establishing it as a key driver of the sub-region’s long-term
decline in carbon sequestration (Fig. 8 e4 in the XJRB).

4.3.2. Spatial distribution of dominant driving factors

To further investigate the spatial pattern of future climatic and land use impacts on water and carbon fluxes at the sub-basin scale,
we mapped the spatial distribution of dominant driving factors (Eq. 10) and summarized their areal coverage (Fig. 9; Fig. S9).

The dominant drivers of R exhibit pronounced climate-driven homogeneity (Fig. 9b1-b6; Fig. S9bl-b6). Under most scenarios,
climate drivers collectively control more than 90% of the PRB area, with PRE  alone consistently exceeding 70%. In contrast, the
dominant proportion of PET remains approximately 12-24% (except for under NF-SSP126), concentrated mainly in the upper XJRB.

NF FF
SSP126 SSP370 SSP585 SSP126 SSP370 SSP585

G0 B B R

Dominant driving factors
PRE PET BAR CROmEN FOR GRA URB WAT

Fig. 9. Dominant driving factors impacting water and carbon fluxes in the PRB and its four major sub-regions under SSP-RCP scenarios in NF and
FF, relative to the BP. Panels (al-f6) show the spatial distribution of dominant driving factors for each sub-basin. Figs. S9 illustrates the areal
proportions (%) of different dominant driving factor across the PRB, PRD, DJRB, BJRB, and XJRB. Definitions of all variables and contributing
factors follow those in Fig. 8.
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Additionally, URB-dominated areas are discernible in the PRD, accounting for up to 11% of the PRD area under NF-SSP585.

Compared with the spatial pattern for R, those for ETa and SM exhibit a clear partitioning between climate drivers, with PET
occupying a markedly larger proportion. For ETa, PET-dominated areas cover more than 50% of the PRB area and are projected to
expand further under higher emission scenarios, predominantly distributed in the XJRB (Fig. 9al-a6; Fig. S9al-a6). In contrast, PRE-
dominated areas remain relatively stable at approximately 30% of the PRB, primarily in the more humid DJRB and BJRB. Effects of
land use drivers on ETa are particularly pronounced along the transition zone between the PRD, DJRB, and BJRB, where FOR-
dominated areas reach their maximum extent under NF-SSP370, accounting for 25%, 21%, and 38% of the PRD, DJRB, and BJRB
areas, respectively. Moreover, in the lower PRD, URB-dominated areas account for approximately 13-27% of the region. Similarly, the
overall dominance pattern for SM resembles that of ETa but exhibits regional distinctions (Fig. 9¢1-c6; Fig. S9c1-c6). Specifically, PRE-
dominated areas are also common in the lower XJRB, in addition to clustering in the DJRB and BJRB. Land use dominated areas are
more frequent in the DJRB and PRD, specifically those dominated by GRA, FOR, or URB.

Relative to water fluxes, carbon fluxes exhibit a substantially higher areal proportion of land use dominated areas, often exceeding
30% of the PRB area in future scenarios (Fig. 9d1-f6; Fig. S9d1-f6). Spatially, GRA- and FOR-dominated areas are more dispersed.
Basin-wide, GRA dominance accounts for 9-26% of the PRB area for GEP, 13-29% for NEP, and 8-21% for RE, primarily in the middle-
lower BJRB, with smaller clusters in the middle XJRB. Notably, when FOR is the dominant driver of RE, its areal proportion reaches
approximately 20% of the PRB area, exceeding the corresponding proportions for GEP (approximately 10%) and NEP (<3%).
Conversely, CRO- and URB-dominated areas show more concentrated patterns: CRO dominance clusters in the middle-lower XJRB and,
for NEP, peaks at 26% of the XJRB area under FF-SSP370. URB-dominated areas are largely confined to the lower PRD, with maxima of
18%, 9%, and 21% of the PRD area for GEP, NEP, and RE, respectively.

5. Discussion
5.1. Strengths of the proposed attribution framework

We propose a framework to evaluate the impacts of climate and land use changes on the terrestrial water and carbon cycles under
SSP-RCP scenarios. Our results confirm a widely reported finding that climate change exerts a stronger impact on basin hydrological
processes than land use change under projected warmer and wetter future scenarios (Yang et al., 2019; Yang et al., 2023; Yonaba et al.,
2023). In contrast, although land use change generally has a weaker impact on the carbon cycle than climate change, it can temporarily
and locally exceed climate drivers, particularly in regions undergoing substantial land cover transitions (Feng et al., 2023; Hou et al.,
2022; Xu et al., 2022). However, prior studies typically treated climate and land use changes as aggregated categories and lacked a
unified framework for quantitatively attributing changes to individual drivers. Our attribution framework overcomes this limitation by
explicitly disentangling climate into PRE and PET and land use into six classes, and quantifying the contribution of each driver
separately. For example, in the PRB, we disentangle projected increases in R across scenarios and attribute them primarily to positive
contributions from higher PRE  and urban expansion, which together outweigh the main negative contributions from PET and
changes in forest and grassland (Fig. 8b1-b4).

Moreover, our framework reveals that PET impacts on regional carbon sinks are highly scenario-dependent (see Section 4.3.1). This
contrasting response can be explained by the internal structure of the WaSSI-PRB carbon cycling module, which directly links NEP to
ETa and VPD. With uWUE and the respiration parameters m and n held constant for each land use class, NEP is approximately pro-
portional to the ratioETa/VPD®®(Egs. (4)-(6): NEP = (1 — n) x uWUE x ETa/VPD®® — m). In this formulation, ETa represents the
actual evapotranspiration that supports carbon uptake through transpiration, whereas VPD reflects the atmospheric water stress. NEP
therefore increases with higher ETa but decreases with higher VPD, and PET influences NEP only through its combined impacts on ETa
and atmospheric dryness. In the NF, although PET increases due to warming, VPD remains close to the baseline (Fig.3b2), indicating
that atmospheric aridity does not intensify substantially. At the same time, increased precipitation maintains relatively favorable soil
moisture conditions, allowing ETa to respond strongly to the higher evaporative demand; as a result,ETa/VPD% increases and NEP is
enhanced.

In contrast, in the FF under higher emission scenarios (SSP370 and SSP585), strong warming leads to a pronounced rise in VPD
(Fig.3b2), while soil moisture deficits emerge as higher atmospheric demand and more variable precipitation draw down soil water
(Fig.3c2). Under these conditions, ETa becomes water-limited and can no longer keep pace with the rapidly increasing atmospheric
demand, soETa/VPD%declines and NEP is suppressed despite higher PET, displaying a characteristic hot-dry atmospheric stress
regime in which the increase in VPD outpaces the capacity of ecosystems to increase ETa. This pattern, in which enhanced evapo-
transpiration and apparent vegetation productivity do not necessarily convert to stronger carbon sinks under water-limited conditions,
has been documented in previous studies (Chen et al., 2025; Yang et al., 2025; Yuan et al., 2019). Multiple evidence indicate that
prolonged warming can substantially reduce the carbon sink capacity of terrestrial ecosystems (Tharammal et al., 2019; Uribe et al.,
2023; Zeng et al., 2023).

Our framework offers actionable guidance for water and land resource managers to design integrated strategies for coordinated
management of regional water and carbon cycles under SSP-RCPs. Although demonstrated for the PRB, the scalable simu-
lation-attribution framework is transferable to other climate-sensitive, human-impacted regions worldwide, including the Loess
Plateau (Zhang et al., 2023) and the Yangtze River Basin (Zhang et al., 2022; Liu et al., 2025) in China, the U.S. Colorado River Basin
(Whitney et al., 2023), the Mississippi River Basin (Dannenberg et al., 2025), and South Asia’s Ganges-Brahmaputra-Meghna Basin
(Qiu et al., 2025; Amjath-Babu et al., 2025).
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5.2. Comparison with previous studies in the PRB

The PRB is an economically significant region in southern China with high ecological value and critical water conservation
functions, making its hydrology and ecosystem services particularly sensitive to environmental change (Li et al., 2023; Qi et al., 2023,
2024; Wu et al., 2020). Over recent decades, temperature has risen while PRE  has remained relatively stable (Tang et al., 2024; Tian
and Yang, 2017), and land use has shown a dual trajectory of urbanization and greening: large-scale vegetation restoration has
increased greenness upstream, whereas urbanization and industrialization downstream have expanded impervious surfaces and
degraded vegetation (He et al., 2021; Wang et al., 2021; Yang et al., 2021). Budyko-based analyses generally report that climate factors
dominate changes in R, with beneficial PRE effects offset by adverse contributions from PET and surface parameters, yielding only a
slight downward trend in R over past decades (Yang et al., 2022; Yin et al., 2023).

Our projections confirm that climate remains the primary driver of future R variability, consistent with recent projections (Zhang
and Gan, 2025). By quantifying driver-specific contributions at the basin scale, we find that PRE  dominant 60-80% of projected R
increases across scenarios—while rising PET consistently offsets 13-30%. Land use change is secondary, with individual contributions
typically within the +5% range, although urban expansion can significantly increase R locally in sub-regions such as the PRD.
Furthermore, our attribution framework offers a robust basis for quantifying the individual impacts of land use drivers on the
basin-scale carbon cycle. Xu et al. (2023) reported that the Pearl River Protection Forest Program (since 1996) was associated with a
reversal in NEP from a declining to an increasing trend, highlighting the positive role of forest and grassland expansion in enhancing
regional carbon sinks. Consistent with this historical evidence, our forward-looking analysis indicates that projected increases in forest
cover will enhance basin-wide NEP under future scenarios (see factorial experiments in Section 4.3.1).

It is important to note that the role of forest cover in modulating basin water yield remains debated (Ellison et al., 2012; Farley
et al., 2005; Filoso et al., 2017; Hoek van Dijke et al., 2022). Our findings indicate that forest expansion can exert a material influence
on R in certain sub-basins of the PRB. Specifically, increased forest cover is projected to reduce R in the DJRB and BJRB, with
forest-related contributions ranging from —13.5% to —4.4% and from —16.4% to —3.5%, respectively. These results align with earlier
studies reporting negative hydrological impacts of afforestation in similar settings (Bai et al., 2020; Liu et al., 2016; Zhang and Hao,
2025). In contrast, some investigations based on trend analysis or elasticity methods indicate that large-scale forest restoration in
humid regions of southern China has not resulted in a statistically significant reduction in regional water yield (Li et al., 2021; Xue
et al., 2022; Zhou et al., 2010). This apparent discrepancy may stem from methodological limitations, as such approaches typically
isolate climate effects first and subsequently attribute residual changes to land use, thereby overlooking potential interactions between
climate variability and vegetation dynamics, such as offsetting or synergistic effects (Li et al., 2017; Wei et al., 2013; Wei et al., 2018;
Wei and Zhang, 2010). By explicitly accounting for these coupled processes through factorial scenario experiments, our framework
captures the hydrological response to forest change under evolving climatic conditions. This mechanistic treatment helps reconcile
divergent findings in the literature and supports the view that forest ecosystems can reduce R through enhanced canopy interception,
evaporation, and transpiration (Onuchin et al., 2018, 2021), particularly in basins where vegetation change coincides with pro-
nounced climatic shifts.

5.3. Limitations and future perspectives

Although our proposed framework effectively projects future trajectories of basin-scale water and carbon cycles and quantitatively
disentangles the individual and combined contributions of climate and land use changes, several limitations and associated un-
certainties warrant acknowledgment. Based on the WaSSI-PRB model, our approach incorporates several key improvements, including
the replacement of the Hamon formula with the PM method for PET estimation and the refinement of GEP calculations via VPD and
uWUE. Nevertheless, uncertainties arising from model structure, parameterization, and input data quality may still influence the
results (Refsgaard et al., 2006; Yen et al., 2014; Zheng et al., 2018).

Structurally, WaSSI relies on an empirical formulation for PAET that integrates PRE , PET, and LAI, but omits explicit repre-
sentation of stomatal conductance and the modulating role of atmospheric CO2 (Duarte et al., 2024; Sun et al., 2011). It also neglects
dynamic feedback from time-varying soil properties and LAI, which may bias estimates of R and GEP (Li et al., 2020; Sun et al., 2015).

Regarding parameterization, although the SCE-UA algorithm was employed to recalibrate the four regression-derived parameters
in the PAET equation, direct optimization within the WaSSI-PRB framework may induce overfitting and equifinality and may weaken
physical interpretability (Beven and Freer, 2001; Whittaker et al., 2010). Moreover, the coarse spatial resolution of input datasets,
including 5 km land use maps and 0.5° climate forcing, may limit the model’s capacity to resolve sub-basin hydrological heterogeneity
despite downscaling efforts, thereby propagating remote sensing-related uncertainties into the outputs (Shrestha et al., 2006). Despite
these caveats, WaSSI retains practical advantages, notably its parsimonious structure and reliance on widely accessible inputs (Sun
et al., 2011). Importantly, our trend-focused conclusions appear robust: prior work indicates that WaSSI's sub-basin outputs remain
broadly consistent across varying land use resolutions, with minimal impact on basin-scale patterns (Bagstad et al., 2018b).

Further concerns may exit in attributing individual driver impacts on water and carbon fluxes. The improved fixing-changing
method used in this study incorporates an interaction term among drivers (Int; gray legend in Fig. 8) that absorbs cross-driver
covariance to close the budget. While this improves numerical closure, it does not resolve the underlying interaction mechanisms,
so estimated relative contributions of single drivers may carry uncertainty where interactions are strong. Future work should aim to
further elucidate the interaction mechanisms among drivers. An alternative approach would be to draw on the research ideas of Liu
etal. (2019) and Yang et al. (2017) to optimize and enhance the existing fixing—changing method, thereby improving the accuracy and
reliability of quantitative results.
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6. Conclusions

Climate and land use jointly shape regional water-carbon cycles, and distinguishing their respective impacts is essential for sus-
taining long-term water-carbon balance. To achieve that, we develop an integrated simulation-attribution framework that couples the
WaSSI-PRB model with an improved fixing-changing approach to quantify drivers’ separate and offsetting impacts. Applying to the
humid subtropical PRB, we disentangle the individual contribution of climate drivers (PRE and PET) and land use (CRO, FOR, GRA,
URB, WAT and BAR) to water (ETa, R and SM) and carbon (GEP, NEP and RE) fluxes under SSP126, SSP370 and SSP585 scenarios in
both NF (2021-2050) and FF (2071-2100). The main conclusions are as follows:

(1) The WaSSI-PRB model (with improved water and carbon cycling modules) accurately simulates water and carbon fluxes across
the PRB, validating against historical runoff observations and satellite-derived ETa and GEP products, thus can be used as a
reliable tool for projecting future water—carbon dynamics.

(2) Basin-mean T, VPD, PRE , and PET are projected to increase from 2015 to 2100, with the strongest changes under SSP585 and
the most pronounced trends in the northern sub-basins. Climate changes are moderate in the NF but intensify markedly in the FF
comparing with the 1985-2014 baseline. Concurrently, basin’s future land use shifts toward continuous afforestation alongside
ongoing urbanization. Dominant transition are grassland-to-forest and cropland-to-grassland (particularly in the XJRB), while
urban growth occurs mainly at the expense of grassland and is concentrated in the PRD.

(3) Projections indicate that basin-wide ETa and R appreciably increase, whereas SM shows minor changes across all scenarios. In
the NF, increases in ETa and R remain modest, but they become more pronounced in the FF, especially under higher-emission
scenarios. In contrast, carbon fluxes are highly scenario-sensitive: GEP, NEP, and RE increase by about 3-9% in the NF and
strengthen further in the FF under SSP126, while only gains modestly in the NF but decline in the FF (typically <3%) under
SSP370 and SSP585, indicating weakening carbon sequestration capacity in the PRB under higher-emission scenarios.

(4) Attributions indicate that PRE  and PET jointly control water fluxes changes across the PRB, yet exhibit contrasting roles and
distinct spatial patterns across different fluxes. PRE is the main positive driver of increases in R (contribution 61-80%) and
dominates over 70% of the PRB area, whereas PET provides a negative feedback (—30% to —13%) with PET-dominated areas
covering 12-24% (mainly upper XJRB). For ETa, PET contributes more (32-55%) and dominates over 50% of the basin
(expanding under higher emissions, largely in the XJRB), while PRE contributes 19-45% and dominates about 30% (primarily
in the DJRB and BJRB). SM reflects the strongly offsetting effects of PRE  (positive) and PET (negative), yielding small net
change and a clear climatic partition of dominance. Land use effects are limited at the basin scale but can be locally dominant: in
the PRD, URB raises R by up to +34% under NF-SSP585 (URB-dominated area 11%), whereas under NF-SSP370 forest
expansion reduces R by —14% and —16% in the DJRB and BJRB (FOR-dominated areas 21% and 38%, respectively).

(5) Unlike water fluxes, carbon flux changes are jointly controlled by climate and land use. PRE  generally exerts a positive effect,
whereas the PET effect is strongly scenario-dependent: in the NF, higher PET enhances carbon fluxes via increased ETa; in the FF
under SSP370 and SSP585, persistently high PET induces PET-driven hot-dry atmospheric that suppresses NEP (e.g., PET
contributes +43% to NEP under NF-SSP126 but —44% under FF-SSP585). Land use signals are systematic yet spatially het-
erogeneous: change in FOR and GRA generally enhance carbon uptake, while URB and CRO reduce it—for example, URB
contributes up to —8% to NEP in the PRD (FF-SSP585), while FOR contributes up to 23% and 31% to NEP in the DJRB (FF-
SSP370) and BJRB (NF-SSP585), respectively. Overall, regional carbon cycling is shaped by large-scale climate evolution but
remains highly sensitive to human-driven land use change.
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