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Abstract

Precipitation use efficiency (PUE) links ecosystem carbon uptake to precipitation input,
but endpoint ratios alone cannot show where carbon-water coupling differs along ecohy-
drological pathways. This limitation is especially relevant in karst landscapes, where thin
soils and heterogeneous hydrological pathways can decouple rainfall, soil moisture, evap-
otranspiration, and plant carbon gain. Here, we developed a PUE chain decomposition
framework based on gross primary productivity (GPP), transpiration (T), evapotranspi-
ration (ET), soil moisture (SM), and precipitation (PRE): PUE = GPP/T x T/ET x ET/SM x
SM/PRE. In this framework, GPP/T represents carbon fixation per unit transpiration, T/ET
the transpiration fraction of evapotranspiration, ET/SM evapotranspiration output rela-
tive to soil moisture, and SM/PRE soil moisture status relative to precipitation input. We
used multi-source remote-sensing and reanalysis data from 2003 to 2022 to compare karst
and non-karst landscapes in Southwest China, applied variance decomposition to quan-
tify the contributions of chain terms and their interactions, and used Stacking ensemble
learning with Shapley additive explanations (SHAP) to interpret model-inferred environ-
mental associations. Mean PUE was 1.16 g C m?2 mm™' in non-karst areas and 1.08 g C m2
mm-™! in karst areas, and all four chain components differed significantly between land-
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1. Introduction

Global climate change is reshaping the balance between terrestrial carbon uptake and
ecosystem water availability [1-3]. Vegetation greening and rising productivity can en-
hance terrestrial carbon uptake, but their hydrological effects are regulated by vegetation
physiology and atmospheric demand. These controls include canopy structure, stomatal
regulation, root-zone water availability, vapor pressure deficit, radiation, and tempera-
ture. Through these pathways, productivity changes may influence evapotranspiration,
soil moisture, regional hydrological cycling, and land-atmosphere exchanges. Conse-
quently, increases in carbon uptake can be associated with stronger carbon-water trade-
offs, particularly where water availability constrains ecosystem recovery [4,5]. This issue
is especially important in vulnerable land ecosystems with complex landforms and hy-
drological conditions.

Recent advances in multi-source remote sensing, reanalysis, and hydrological da-
tasets now make it possible to track key ecohydrological variables, including vegetation
productivity, precipitation, soil moisture, and evapotranspiration, over broad areas and
long time periods. These data provide a basis for evaluating vegetation-hydrology—cli-
mate responses and their effects on ecosystem carbon-water coupling [3,6]. In this context,
precipitation use efficiency (PUE), commonly defined as the ratio of gross primary
productivity (GPP) to concurrent precipitation (PRE), is widely used to describe how ef-
fectively ecosystems convert precipitation input into carbon fixation [7-10]. Yet conven-
tional PUE mainly captures the endpoint relationship between precipitation and produc-
tivity. Interpreting PUE only through the GPP/PRE ratio does not show how rainfall sup-
ports carbon fixation after passing through soil moisture maintenance, evapotranspiration
output, and vegetation transpiration. It also makes it difficult to identify the process-level
sources of water-use differences among land ecosystems [9,11-14].

Several water-use efficiency indicators describe carbon-water relations from differ-
ent parts of the hydrological cycle. Water-use efficiency (WUE), usually calculated as GPP
divided by evapotranspiration (ET), links ecosystem carbon uptake with total water loss
[2,15,16]. It has also been separated into carbon fixation per unit transpiration (GPP/T) and
the transpiration fraction of evapotranspiration (T/ET), which helps distinguish plant car-
bon gain from the partitioning of ET [15,17]. Soil water-use efficiency (SWUE), calculated
as GPP/SM, shifts the focus to soil moisture as the water pool most directly available to
vegetation [8,9]. PUE takes a different starting point. By using precipitation as the denom-
inator, it asks how much carbon fixation is supported by rainfall input [7-10]. These indi-
cators should not be treated as separate ways of describing unrelated processes. They look
at the same carbon-water relationship from different positions along the water pathway:
evapotranspiration loss, soil moisture storage, and precipitation input. This connection is
important for PUE analysis because the GPP/PRE ratio is only the final expression of a
longer process. Rainfall must first be retained as soil moisture, released through evapo-
transpiration, partitioned into transpiration, and then linked to carbon fixation. Reading
WUE, SWUE, and PUE together therefore provides a basis for examining how PUE is
formed through connected ecohydrological stages.

WUE, SWUE, and PUE have provided useful ways to describe ecosystem carbon-
water relations, but they are still often treated as separate indicators. Many studies have
also focused on statistical links between PUE and climatic, hydrological, or vegetation
factors, with less attention to how these efficiency metrics are connected within a contin-
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uous ecohydrological process. For PUE, which begins with precipitation input, the for-
mation process is not a simple correspondence between rainfall amount and GPP. It in-
cludes a sequence of stages: precipitation input, soil moisture maintenance, evapotranspi-
ration output, transpiration partitioning, and carbon gain per unit transpiration [2,11-17].
Previous studies have shown that PUE varies among ecosystems, climatic settings, and
vegetation types, and it has been widely investigated in water-limited regions such as arid
and semi-arid grasslands and the Loess Plateau [7,8,10]. However, the specific ecohydro-
logical gap in humid karst landscapes remains insufficiently resolved. In these regions,
the key question is not only how much precipitation enters the system, but how that water
is retained, redistributed, and accessed by vegetation after rainfall [18,19]. This question
becomes especially important under wet and dry climate anomalies, because thin soils,
shallow soil reservoirs, exposed bedrock, and connected fissure-conduit networks can de-
couple monsoon precipitation from stable root-zone water supply [18]. During humid pe-
riods, rainfall may be rapidly lost through surface runoff, preferential infiltration, gravi-
tational drainage, and subsurface leakage. During dry periods, vegetation water status
may depend more strongly on antecedent soil moisture, delayed subsurface storage,
groundwater access where available, and lithological controls on water retention [18-20].
Therefore, drought and humid scenarios may involve different limiting stages along the
precipitation—soil moisture-evapotranspiration—transpiration-carbon gain chain.

The karst region of Southwest China provides a representative setting for examining
this issue. Although monsoon precipitation is high, thin soils and well-developed karst
systems, including fissures, sinkholes, and conduits, create strong spatial and temporal
heterogeneity in precipitation retention, soil moisture maintenance, subsurface water
availability, and vegetation growth conditions [18-21]. As a result, similar precipitation
inputs may correspond to different soil moisture storage, evapotranspiration pathways,
vegetation water use, and carbon uptake between karst and non-karst landscapes. In this
setting, the conventional GPP/PRE ratio alone cannot distinguish whether PUE variation
is associated with vegetation productivity, soil moisture status, evapotranspiration, tran-
spiration partitioning, or precipitation variability. A PUE chain decomposition framework
is therefore needed as a diagnostic approach to examine the intermediate terms linking
precipitation input and ecosystem carbon gain across landform backgrounds and
drought-humid conditions. Such an approach can provide a clearer basis for assessing
water limitation and supporting ecological restoration and agricultural water manage-
ment in vulnerable humid karst ecosystems.

In view of the above, this study takes Southwest China as the study area and con-
structs a PUE chain decomposition framework to diagnose the intermediate links between
precipitation input and carbon fixation using multi-source remote sensing, reanalysis, and
hydrological data. We compare the spatiotemporal patterns of PUE and its chain compo-
nents between karst and non-karst areas and quantify their relative contributions to PUE
variability. Because the environmental responses of PUE chain components in humid
karst landscapes may be nonlinear, threshold-dependent, and scenario-specific, tradi-
tional linear or correlation-based methods may not fully characterize these relationships.
We therefore combine Stacking ensemble learning with SHAP analysis to examine the
model-inferred importance, response thresholds, and interaction patterns of environmen-
tal factors under drought and humid conditions. Specifically, this study aims to address
three questions: (1) What are the spatiotemporal patterns of PUE and its chain components
in karst versus non-karst areas of Southwest China? (2) Which chain components and in-
teraction terms contribute most to PUE variability? (3) How do the model-inferred re-
sponse thresholds and interaction patterns of environmental factors differ between karst
and non-karst areas under drought versus humid conditions?
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2. Materials and Methods
2.1. Study Area

The study area covers Yunnan Province, Guizhou Province, and Guangxi Zhuang
Autonomous Region, which together form a typical humid karst region in Southwest
China (Figure 1a) [22]. Situated on the Yunnan—Guizhou Plateau and its transitional zone
toward the Guangxi hilly basins, this region represents one of the most concentrated and
typically developed karst landscape areas in China. The overall topography is dominated
by mountainous, plateau, and hilly landforms, with elevations generally increasing from
the southeast to the northwest (Figure 1b). The region is under a subtropical humid mon-
soon climate, with relatively abundant precipitation. However, due to the thin soil layers
in karst areas and the well-developed bedrock fractures and subsurface conduits, the re-
tention of precipitation in surface and root-zone soil reservoirs is subject to considerable
uncertainty [18,23,24]. Based on the datasets used in this study, the multi-year mean grow-
ing-season total precipitation during 2003-2022 was approximately 1078 mm (Figure 1d),
and the corresponding mean growing-season GPP was approximately 1145 g C m2 (Fig-
ure 1c).

To compare the differences in intermediate processes of precipitation use efficiency
between karst and non-karst areas under different moisture conditions, this study defined
drought and humid scenarios based on the 12-month Standardized Precipitation Evapo-
transpiration Index (SPEI-12) (Figure 1e). According to the dry—wet classification scheme
of SPEI, values between —0.5 and 0.5 indicate normal conditions, values below —0.5 indi-
cate dry conditions, and values above 0.5 indicate wet conditions [25]. A year was defined
as a drought scenario year when the SPEI-12 values of both karst and non-karst areas were
below —0.5, and as a humid scenario year when the SPEI-12 values of both areas exceeded
0.5. Consequently, 2003, 2009, 2011, and 2021 were selected as drought scenario years, and
2008, 2015, and 2017 were selected as humid scenario years for comparative analysis.
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Figure 1. Overview of the study area. (a) Distribution of karst and non-karst areas; (b) elevation; (c)

multi-year mean growing-season total GPP during 2003-2022; (d) multi-year mean growing-season
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total precipitation during 2003-2022; (e) interannual variations in SPEI-12 in karst and non-karst

areas.

2.2. Data and Preprocessing

The datasets used in this study fall into two groups: ecohydrological variables for
constructing PUE and its chain components, and environmental driving factors covering
meteorological, hydrological, vegetation, and topographic domains. Table 1 summarizes
the main characteristics of all datasets.

For the ecohydrological variables, GPP, vegetation transpiration (T), and actual evap-
otranspiration (ET) were obtained from PML_V2 (Penman-Monteith-Leuning version 2).
This product estimates GPP, ET, and ET components by combining the Penman-Mon-
teith-Leuning model with remotely sensed vegetation parameters and meteorological
forcing [26]. Its ET estimates have been shown to agree well with eddy-covariance flux
tower observations, including in humid and semi-humid regions of China [27]. Soil mois-
ture (SM) was taken from SMCI1.0 (Soil Moisture of China by In Situ Data, version 1.0).
SMCI1.0 combines ground observations with ancillary datasets, including ERA5-Land, to
provide daily 1 km soil moisture across China for 2000-2022 over the 0-1 m soil profile
[28]. The product has been evaluated against field measurements [28]. In Southwest China,
Zheng et al. (2025) compared SMCI soil moisture with observations from 37 monitoring
stations in Yunnan Province and reported reliable performance in karst terrain [19]. In this
study, the 0-1 m profile-mean volumetric soil moisture (m3m=) was converted to soil wa-
ter storage (mm) by multiplying by the soil profile depth of 1000 mm. Precipitation (PRE)
was obtained from MSWEP V2.8 (Multi-Source Weighted-Ensemble Precipitation version
2.8). MSWEP merges gauge, satellite, and reanalysis precipitation data, with bias correc-
tion and station-based constraints, to produce long-term precipitation fields at high spa-
tiotemporal resolution [29]. Evaluation studies have reported stable performance in hu-
mid China, western mountainous terrain, and mountain regions of Southwest China [30-
32]. We therefore used MSWEP as the precipitation input for calculating PUE and its chain
components.

Table 1. Overview of datasets employed in this research.

Product Variables Spatial Resolution Source
GPP https://developers.google.com/earth-engine/da-
PML_V2 [26] T 500 m tasets/catalog/CAS_IGSNRR_PML_V2_v018 (ac-
ET cessed on 26 April 2026)
https://doi.org/10.11888/Terre.tpdc.272415 (accessed
SMCI [28,33] SM 1km on 23 April 2026)
MSWEP [29] PRE 0.1° https://www.gloh20.org/mswep/ (accessed on 6 Feb-
ruary 2026)
Wind https://cds.climat icus.eu/dataset d
ERAS5-Land [34] SRAD 0.1° ps://cds.climate.copernicus.eu/datasets (accesse
on 10 April 2026)
TMP
GLEAM [35] PET 0.1° https://www.gleam.eu/ (accessed on 14 April 2026)
o https://ewds.climate.copernicus.eu/datasets (ac-
GIoFAS [36] Runoff 0.1 cessed on 22 March 2026)
R https://doi.org/10.11888/Terre.tpdc.300962 (accessed
HWSA [37,38] GWSA 0.05 on 27 March 2026)
GLASS [39] LAI 0.05° https://glass.hku.hk/ (accessed on 27 March 2026)
MERIT [40,41] Elevation 90 m https://global-hydrodynamics.github.io/ (accessed

on 16 January 2026)
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https://zenodo.org/records/14634774 (accessed on 30

CHM_Drought [42] SPEI-12 0.1 March 2026)
CLCD [43] Land use 30m https://zenodo.org/records/18180184 (accessed on 11
February 2026)

Environmental driving factors span four categories. Among the meteorological fac-
tors, surface solar radiation downwards (SRAD), 2 m air temperature (TMP), and wind
speed (Wind) were extracted from ERA5-Land reanalysis data (~0.1° resolution) [34]. The
aridity index (AI) was calculated as the ratio of precipitation (PRE) to potential evapotran-
spiration (PET), with PET sourced from the GLEAM dataset [35]. In this study, Al repre-
sents the relative balance between atmospheric water supply and potential evaporative
demand; therefore, higher Al values indicate wetter conditions, whereas lower Al values
indicate drier conditions. Vapor pressure deficit (VPD) was derived from ERA5-Land 2 m
air temperature and 2 m dewpoint temperature as follows [44]:

17.27T
e, =0.611 X exp (m) (1
17.27T,
e, =0.611 X exp (m) (2)
VPD =e; — e, 3)

where T is the 2 m air temperature (°C) and T, is the 2 m dewpoint temperature (°C).

Hydrological factors include runoff equivalent and groundwater storage anomaly.
Runoff equivalent data were obtained from the Global Flood Awareness System (GloFAS)
historical hydrological dataset, which drives the LISFLOOD hydrological model with
ERA5 meteorological reanalysis to generate global-scale hydrological variables [36].
Groundwater storage anomaly (GWSA) data come from the high-resolution water storage
anomaly dataset (HWSA v1.0). This product downscales GRACE/GRACE-FO Mascon
data to 0.05° monthly resolution (April 2002-December 2022) through a physics-con-
strained sliding-window framework (MLDF-PCSW) [37]; its estimates maintain high con-
sistency with original Mascon products and agree well with in situ groundwater observa-
tions [37]. Vegetation conditions were represented by leaf area index (LAI) from the
GLASS (Global Land Surface Satellite) dataset. We used the GLASS V6 LAI product,
which is generated from MODIS observations with a bidirectional long short-term
memory network (Bi-LSTM). Previous validation has shown that the product has good
accuracy and temporal continuity [39]. Topographic variables included elevation, slope,
topographic wetness index (TWI), and aspect. Elevation was obtained from MERIT DEM,
a global elevation dataset at approximately 90 m resolution that reduces major error com-
ponents in earlier satellite DEMs [40]. Slope and aspect were calculated from MERIT DEM.
TWI was derived using hydrological terrain attributes from MERIT Hydro [41]. Because
aspect is a circular variable, aspect angles were transformed into sin (Aspect) and cos (As-
pect), hereafter referred to as ASPsin and ASPcos. The 12-month Standardized Precipita-
tion Evapotranspiration Index (SPEI-12), used to classify drought and humid scenarios,
was obtained from the China High-resolution Multi-Drought Index dataset
(CHM_Drought) [42]. The karst/non-karst classification was derived from the 1:500,000
Karst Hydrogeological Map provided by GeoCloud, China Geological Survey (https://ge-
ocloud.cgs.gov.cn/). Carbonate rock and karst hydrogeological units were classified as
karst areas, while other lithological or non-karst hydrogeological units were classified as
non-karst areas.

Before analysis, all datasets were harmonized to a common 0.1° analysis grid using
spatial aggregation. Variables with native spatial resolutions finer than 0.1° were spatially
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aggregated to 0.1°. For continuous variables, the mean value of all valid pixels within each
0.1° grid cell was used; for categorical variables, the dominant category within each 0.1°
grid cell was assigned. All datasets were then clipped to the study area. Variables with
different native temporal resolutions were first aggregated to monthly values and then
further aggregated to growing-season annual values, with the growing season defined as
April to October. Because water-use efficiency indicators are mainly meaningful for veg-
etated ecosystems, non-vegetated areas were excluded using the China Land Cover Da-
taset (CLCD) [43].

2.3. Methods

The overall analytical framework of this study is illustrated in Figure 2.

Development of the PUE Chain Decomposition FrameworkH

@Variance Decomposition Contribution Analysis --.:
1 — e e — i
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Figure 2. Overview of the analytical framework employed in this study. (A) Derivation and formu-
lation of the PUE chain decomposition framework. (B) Variance decomposition of chain-component
contributions to PUE. (C) Stacking ensemble learning combined with SHAP analysis for driving

factor interpretation under drought and humid conditions in karst and non-karst areas.

2.3.1. Development of a PUE Chain Decomposition Framework

From precipitation input through evapotranspiration output to vegetation carbon
fixation, ecosystem water utilization is a continuous process of water supply, retention,
and conversion. In previous studies, PUE is commonly defined as the ratio of GPP to con-
current PRE, representing the carbon fixation capacity sustained per unit of precipitation
input. Correspondingly, SWUE is defined as the ratio of GPP to soil water storage (SM),
characterizing the carbon fixation capacity associated with per unit of soil water storage
[8,9]. Their expressions are as follows:

GPP

el 4

PUE = oo (4)
GPP

SWUE = — 5

M ©)

where GPP denotes vegetation gross primary productivity (g C-m2), PRE denotes precip-
itation (mm), and SM denotes soil water storage (mm).
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From Equations (4) and (5), it follows that:
GPP = PUE x PRE = SWUE x SM (6)
Therefore:
SM
PUE = SWUE X —— )

PRE

In previous studies on water-use efficiency, conventional WUE is typically defined
as the ratio of GPP to actual evapotranspiration. Some studies have further decomposed
WUE into two process components: transpiration-based carbon fixation capacity and
evapotranspiration partitioning [15-17], expressed as:

WUE GPP GPP T
== — X —
ET T ET

(8)
where T denotes vegetation transpiration (mm) and ET denotes actual evapotranspiration
(mm). Building upon this, by further introducing the soil moisture term, SWUE can be

expressed as:

SWUE = GPp X T X ET 9)
" T "ET SM
Substituting Equation (9) into Equation (7) yields the PUE chain decomposition for-

mulated in this study:

PUE_GPPXTXETXSM
T "ET  SM~ PRE

(10)

In this formulation, GPP/T denotes carbon fixation per unit transpiration, and T/ET
denotes the share of transpiration in total evapotranspiration. ET/SM describes evapotran-
spiration output relative to the soil moisture pool, whereas SM/PRE describes the soil
moisture condition associated with precipitation input. This multiplicative formulation
was adopted because PUE is defined as GPP/PRE and can therefore be algebraically rear-
ranged into intermediate ratios linking precipitation, soil moisture, evapotranspiration,
transpiration, and carbon fixation while preserving the mathematical identity of PUE. It
also places WUE, SWUE, and PUE within a common diagnostic framework, in which pre-
cipitation input, soil moisture status, evapotranspiration output, transpiration partition-
ing, and transpiration-based carbon fixation are treated as connected diagnostic stages
rather than separate ratios. In this framework, ET/SM and SM/PRE are interpreted as
pixel-scale diagnostic proxy terms that describe relative variation between adjacent stages,
rather than as physically strict efficiency metrics or direct evidence of water-transfer pro-
cesses. Compared with structural equation modeling (SEM), which is more suitable for
testing predefined causal pathways and indirect effects, this identity-based framework is
better suited to diagnosing how PUE variability is distributed among adjacent terms with-
out imposing an a priori causal path structure [45].

2.3.2. Trend Analysis and Breakpoint Identification

To identify the trends and stage-specific characteristics of PUE variations during the
study period, this study combined linear trend analysis, the coefficient of variation (CV),
and breakpoint detection to quantitatively analyze the temporal dynamics of PUE. The
linear trend was estimated using ordinary least squares (OLS) regression:

PUEt = BO + Bl T+ &t (11)

where B; is the trend slope, representing the mean annual rate of change in PUE. The
statistical significance of the slope was assessed using a two-tailed t-test, and the coeffi-
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cient of determination R? was used to evaluate the goodness of fit. The significance level
was set at o = 0.05.

The coefficient of variation (CV) is defined as the ratio of the standard deviation to
the mean:

v = g x 100% (12)

Higher CV values indicate stronger interannual fluctuations in PUE and lower tem-
poral stability. For breakpoint detection, the optimal breakpoint was determined by min-
imizing the residual sum of squares (SSE), while jointly considering regional conditions
and the trend characteristics, significance levels, R?, and CV of each sub-period.

2.3.3. Variance Decomposition of Chain-Process Contributions

The PUE chain decomposition framework separates the continuous process from
precipitation input to carbon fixation into four sequential components. To quantify the
relative contributions of each component to the temporal variability in PUE and to distin-
guish between the variance contributions of individual components and the covariance
contributions among components, this study employed a variance-covariance decompo-
sition method based on first-order total differential approximation [45]. According to the
multiplicative structure of PUE in Equation (10):

PUE, = Rl,t : Rz,t : R3,t : R4,t (13)
where
R, = GPP/T, R, =T/ET, R; =ET/SM, R, =SM/PRE (14)

During the study period, using the temporal mean Ry of each variable as the expan-
sion point for first-order total differential approximation, the interannual anomaly of PUE
can be approximately expressed as a linear superposition of the anomalies of each varia-
ble:

4
APUE, ~ Z i AR, ¢ (15)

k=1

where AR, is the anomaly of the k-th chain component in year t relative to the multi-
year mean, and g, is the partial derivative coefficient evaluated at the mean values:

OPUE 16)
gk =
ORI, -y s R,
The partial derivatives can be expressed as:
g1 =R;RsRs, g2 =R4R3Ry, g3 =RiR;Ry g4 = RiRyR; 17)

Accordingly, the temporal variance of PUE can be decomposed into the sum of inde-
pendent variance terms of each chain component and pairwise covariance interaction
terms:

4
Var(PUE) ~ Z g2 Var(Ry) + 2 Z 9k 91COV(Re, R)) (18)

k=1 1<k<li<4

where Var(Ry) is the unbiased sample variance of the k-th chain variable, and
Cov(Rg, R;) is the unbiased sample covariance between any two chain variables.
The variance contribution of the k-th process is further defined as:

Cp = gkz - Var(Ry) (19)
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The covariance contribution between the k-th and I-th chain components is defined
as:

Cri = 29x9:Cov(Ry, R)) (20)

where Cj; >0 indicates that co-directional variations between the two processes amplify
PUE fluctuations, and Cy; < 0 indicates that opposing variations between the two pro-
cesses dampen PUE fluctuations. To avoid underestimation of contribution magnitudes
caused by the cancelation of positive and negative terms, the relative contribution (RC)
was calculated using absolute-value normalization:

[Ckl
RC, = X 100% 21
“ f=1 | Crel + X1ck<iza | Cral @1)

_ [Cral
RCy, = x 100% 22)

Yih=1Cil + X1ck<iza | Cual

2.3.4. Stacking Modeling and Performance Evaluation

To identify the environmental driving factors of PUE chain components under dif-
ferent scenarios, this study constructed machine learning models for each of the four in-
termediate processes (GPP/T, T/ET, ET/SM, and SM/PRE) under four scenarios: karst-
drought (K-Drought), karst-humid (K-Humid), non-karst-drought (NK-Drought), and
non-karst-humid (NK-Humid), resulting in a total of 16 modeling cases. For each scenario,
the response variables and predictor variables were calculated as scenario-specific multi-
year means. The predictor variables include climatic factors (TMP, SRAD, VPD, Wind, AlI),
vegetation-hydrological factors (LAI, GWSA, Runoff), and topographic factors (Elevation,
Slope, TWI, ASPsin, ASPcos), comprising 13 feature variables in total.

The combined framework of machine learning and SHAP has been widely applied
in earth science research, providing an effective tool for identifying important predictors
and interpreting model outputs [46-50]. Because SHAP is primarily used for model inter-
pretation, the choice of the underlying predictive model matters. To reduce model selec-
tion bias, five machine learning algorithms commonly used in earth science were selected
as base learners: Random Forest (RF) [51], Extreme Gradient Boosting (XGBoost) [52],
Light Gradient Boosting Machine (LightGBM) [53], CatBoost [54], and Gradient Boosted
Regression Trees (GBRT) [55]. RF combines multiple decision trees to capture nonlinear
relationships and variable interactions. GBRT builds regression trees sequentially to re-
duce residual errors. XGBoost improves gradient boosting through regularization and op-
timized computation. LightGBM uses histogram-based learning and leaf-wise tree growth
to improve the efficiency of gradient-boosted decision trees. CatBoost uses ordered boost-
ing to reduce prediction bias and improve model robustness [51-55]. A Stacking ensemble
model was then built on top of these base learners [56,57]. For each modeling case, the
samples were randomly divided into training, validation, and test sets at a ratio of 7:1:2.
The machine learning analyses used 2812 valid pixel samples for karst areas and 3595
valid pixel samples for non-karst areas in each drought or humid scenario. To assess re-
sidual spatial dependence after model fitting, Moran’s I values of the model residuals and
effective sample size estimates were calculated and are reported in Supplementary Note S3.

In this study, the hyperparameters of each base learner were optimized using the
Optuna framework [58], and model performance was evaluated on the test set using the
coefficient of determination (R?), root mean square error (RMSE), and mean absolute error
(MAE). On this basis, Ridge regression was employed as the meta-learner to further con-
struct the Stacking ensemble model [59]. Let §,,, denote the prediction of the m-th base
learner; the Stacking model can be expressed as:
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where « is the intercept term, w,, is the weight coefficient of the m-th base learner, and
M = 5. The performance of individual models and the Stacking model was compared on
the test set using R?, RMSE, and MAE, and the model with the best overall performance
was selected for subsequent interpretable analysis.

2.3.5. SHAP-Based Interpretation and Interaction Analysis

To reveal the influence direction, contribution magnitude, and potential nonlinear
relationships of different environmental factors on the prediction results of PUE chain
components, this study employed the Shapley Additive Explanations (SHAP) method for
interpretable analysis of the machine learning models [60,61]. The SHAP value is calcu-
lated as follows:

IS1!(p-IS]-1)!
|

Sc{1,...pN\{j}

(V) = W (SUGD-v(S) (24)
where ¢; denotes the SHAP value of feature j, S is a subset of the features used by the
model, and v,(S) represents the model prediction based solely on the feature subset S. ¢,
>0 and ¢; <0 indicate positive and negative effects of feature j on the prediction result,
respectively. We used SHAP values to rank the feature importance of environmental fac-
tors for each scenario and each chain component, and employed SHAP dependence plots
to analyze the influence direction and potential threshold characteristics of key factors.

3. Results
3.1. Spatiotemporal Dynamics of PUE and Its Chain Components

Over 2003-2022, the multi-year means of PUE and its four chain components dis-
played pronounced regional differentiation across the study area (Figure 3). The area-av-
eraged PUE was 1.13 g C m? mm™!, with an overall spatial pattern of higher values in the
west and lower values in the east. At the provincial scale, the proportion of area with PUE
values above the regional mean was 60.80% in Yunnan, 34.71% in Guizhou, and 20.82%
in Guangxi. High-PUE zones were concentrated in central and northern Yunnan, while
low-PUE zones were mainly distributed across southwestern Guizhou and northwestern
Guangxi. The spatial distributions of the four chain components did not mirror that of
PUE: high GPP/T and SM/PRE values occurred mainly in Guizhou and parts of Yunnan;
high T/ET values were found in central-southern Yunnan, eastern Guangxi, and south-
western Guangxi; high ET/SM values were confined to localized areas of southern and
northwestern Yunnan. These patterns indicate that the spatial pattern of PUE does not
correspond to any single chain component but instead arises from the combined spatial
heterogeneity of different chain components.

Comparisons between karst and non-karst areas further revealed significant differ-
ences in PUE and all four chain components, as indicated by the Mann-Whitney U tests
shown in Figure 3f. Based on the statistics of original values, PUE in non-karst areas was
significantly higher than that in karst areas, with mean values of 1.16 and 1.08 g C m™?
mm™!, respectively. GPP/T and SM/PRE were higher in karst areas (means of 3.74 and 0.41)
than in non-karst areas (3.62 and 0.39), whereas T/ET and ET/SM were higher in non-karst
areas (0.61 and 1.40) than in karst areas (0.58 and 1.24). To further explain the component
sources of this PUE difference, we conducted a log-ratio mean decomposition in Supple-
mentary Note S2. The results showed that the higher PUE in non-karst areas was mainly
associated with positive contributions from T/ET and ET/SM, especially ET/SM, whereas
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the relatively higher GPP/T and SM/PRE in karst areas partly offset the non-karst PUE

advantage.
PUE (gC'm >mm™") GPP/T (gC'm >mm™")
(@) CreE——— 7 Kot N (b) e — 7 Korst N
SEESS IS 28 " A SASED ST, - A

T/ET (mm'mm ") ET/SM (mm-mm ")
(© @2 Karst N (D) Frr—— 7 Kot N
PSS PP 4{-\"' . A O PSS 6"-’3:9 2 A

SM/PRE (mm-mm") K B KA [0 NKA  —— Mean+SD
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o
>

Normalized Value
o
=

e
)

0.0

PUE GPP/T T/ET ET/SM SM/PRE

Figure 3. Spatial patterns of PUE and its chain components across the study area during 2003-2022.
(a—e) Spatial distributions of the multi-year growing-season mean values of PUE, GPP/T, T/ET,
ET/SM, and SM/PRE, respectively. (f) Standardized box plots comparing each indicator between the
karst area (KA) and non-karst area (NKA), with annotations indicating p-values from the Mann—
Whitney U test.

Temporally, growing-season PUE and its chain components fluctuated over 2003—
2022, yet the amplitude and phase characteristics differed among components (Figure 4).
PUE exhibited the most pronounced interannual variability, ranging from 0.97 to 1.44 g C
m=2 mm™ across the study area. No clear monotonic trend was evident, although PUE in
non-karst areas consistently exceeded that in karst areas. PUE peaked in 2011; the lowest
values for the whole study area and non-karst areas both occurred in 2010, while that for
karst areas occurred in 2014.
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Figure 4. Temporal dynamics of PUE and its chain components across the study area during 2003—
2022. (a—-e) Interannual variations in PUE, GPP/T, T/ET, ET/SM, and SM/PRE for the whole study
area (WSA), karst area (KA), and non-karst area (NKA), respectively, with curves fitted using spline
smoothing. The lower panel of (a) shows the temporal variation in PRE, and the lower panels of (b-

e) show the temporal variations in GPP, T, ET, and SM, respectively.

To characterize the stage-specific fluctuation pattern of PUE, we first applied auto-
matic breakpoint detection based on the minimum SSE criterion (Table 2). This procedure
identified 2010 and 2015 as statistical breakpoints in the PUE time series across the three
regional subsets. However, because our objective was to interpret PUE changes in relation
to regional hydroclimatic conditions, we further defined three hydroclimatic phases using
the temporal evolution of SPEI-12: 2003-2008, 2009-2014, and 2015-2022. This phase divi-
sion was not used to replace the statistical breakpoint detection, but to align the temporal
analysis with the drought evolution shown in Figure le. SPEI-12 declined markedly from
2008 to 2009, and the 20092014 mean SPEI-12 values were —0.60 and -0.62 for karst and
non-karst areas, respectively, indicating a relatively dry middle phase. Piecewise linear
fitting based on this hydroclimatic phase division showed that PUE declined significantly
during 2003-2008, with slopes of -0.0403, —0.0332, and -0.0459 yr for the whole study
area, karst areas, and non-karst areas, respectively. PUE continued to decline during 2009-
2014, although the trends were not statistically significant. During 2015-2022, PUE recov-
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ered significantly, with slopes of 0.0358, 0.0328, and 0.0382 yr-1. The coefficient of variation
indicated that all three regional subsets experienced the strongest fluctuations during
2009-2014, with CV values of 14.73%, 17.40%, and 13.31%, respectively. Overall, PUE ex-
hibited a three-phase temporal trajectory under the SPEI-informed hydroclimatic division:
an initial decline, intensified fluctuations in the dry middle phase, and recovery growth
in the later period.

Table 2. Comparison of stage-specific characteristics of PUE under different segmentation schemes
across WSA, KA, and NKA.

Region Scheme Period Trend R? CV (%)
2003-2010 - (ns) 0.180 9.50
Auto-break 2011-2015 - (ns) 0.669 14.66
2016-2022 +(% 0.698 9.73
WA 2003-2008 - (") 0.862 7.32
Adjusted 2009-2014 - (ns) 0.104 14.73
2015-2022 + (%) 0.680 9.54
2003-2010 - (ns) 0.118 9.38
Auto-break 2011-2015 - (ns) 0.570 18.34
KA 2016-2022 + (ns) 0.541 9.68
2003-2008 -(* 0.739 6.81
Adjusted 2009-2014 - (ns) 0.115 17.40
2015-2022 + (%) 0.596 9.78
2003-2010 - (ns) 0.213 9.96
Auto-break 2011-2015 - (ns) 0.723 12.53
2016-2022 + (%) 0.684 10.72
NKA 2003-2008 ) 0.811 8.31
Adjusted 2009-2014 - (ns) 0.087 13.31
2015-2022 + (%) 0.622 10.27

Note: Auto-break indicates the segmentation scheme based on the minimum SSE criterion, and Ad-
justed indicates the segmentation scheme used for subsequent analyses. Trend indicates the trend
direction and significance, where + and — denote increasing and decreasing trends, respectively, and
ns, ¥, and ** denote p 2 0.05, p <0.05, and p < 0.01, respectively. WSA, KA, and NKA denote the whole

study area, karst area, and non-karst area, respectively.

3.2. PUE Chain Decomposition: Relative Contributions of Components and Interaction Terms

Variance decomposition of the PUE chain for 2003-2022 showed that SM/PRE, to-
gether with its interactions with other components, made the largest relative contribution
to PUE variability (Figure 5). Across the whole study area, independent components ac-
counted for 54.55% of the total relative contribution, while interaction terms accounted for
45.45%. Thus, temporal variation in PUE was associated not only with changes in individ-
ual chain components but also with covariation among components. SM/PRE alone con-
tributed 33.33%, roughly four to five times that of GPP/T (6.23%), T/ET (7.53%), or ET/SM
(7.46%). Among interaction terms, GPP/TNET/SM and T/ETNSM/PRE ranked highest at
9.33% and 9.03%, followed by GPP/TnSM/PRE (8.18%) and ET/SMNSM/PRE (7.73%). All
terms involving SM/PRE together contributed 58.27%, indicating that PUE variability in
the four-component decomposition was mainly concentrated around the SM/PRE-related
diagnostic terms.

In both karst and non-karst areas, SM/PRE was the largest independent component,
contributing 34.00% and 32.82%, respectively. Independent components accounted for
55.74% of the total contribution in karst areas and 53.64% in non-karst areas, whereas in-
teraction terms accounted for 44.26% and 46.36%, respectively. Among the interaction
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terms involving SM/PRE, the relative contributions of GPP/TnSM/PRE, T/ETNnSM/PRE,
and ET/SMNSM/PRE were 7.46%, 8.65%, and 7.46% in karst areas and 8.73%, 9.32%, and
7.94% in non-karst areas, respectively.

The contribution structure shifted notably across the three temporal phases (Figure
5). During 2003-2008, SM/PRE remained the largest single contributor (33.21%), with
T/ETNSM/PRE (10.99%), GPP/TNET/SM (9.62%), and ET/SMnSM/PRE (9.50%) as the lead-
ing interaction terms. During 2009-2014, interaction terms accounted for 51.47% of the
total contribution, exceeding the 48.53% contributed by independent components.
SM/PRE remained the largest single term, with a contribution of 31.62%. The interaction
terms ET/SMNSM/PRE and T/ETNnSM/PRE also increased, reaching 12.53% and 12.49%, re-
spectively. During 2015-2022, the independent contribution of SM/PRE increased to
35.09%, the highest value among the three phases. T/ETNSM/PRE remained at 11.86%,
whereas ET/SMNSM/PRE decreased to 7.03%. Overall, SM/PRE was the leading contribu-
tor in all three phases, while interaction terms were most important during 2009-2014.

(a) WSA (b) KA (¢) NKA

® A 1) 08 WA 22 22 08 WA 2L
200 N ce B A ot U . o @ e e

(d) WSA (e) KA (f) NKA
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Figure 5. Relative contributions of PUE chain components and their interaction terms to PUE vari-
ance during 2003-2022 and across different sub-periods. (a—c) Relative contributions of individual
chain components and interaction terms in the whole study area (WSA), karst area (KA), and non-
karst area (NKA), respectively. (d-f) Comparison between the total contribution of individual chain

components and that of interaction terms in WSA, KA, and NKA, respectively.

Spatially, the relative contributions of the chain components and interaction terms
varied across the study area during 2003-2022 (Figure 6). Independent and interaction
contributions showed different spatial patterns, suggesting that the dominant sources of
PUE variability were not the same everywhere. High SM/PRE contributions were mainly
found in the central study area and southern Guangxi. High T/ET contributions occurred
in northwestern Yunnan and northwestern Guizhou, while high ET/SM contributions
were concentrated in central-southern Guangxi. Among the interaction terms,
GPP/TnSM/PRE had higher values in southwestern Yunnan, T/ETNSM/PRE was more ev-
ident in the eastern part of the study area, and ET/SMNSM/PRE was lower in southern
Guangxi and western Guizhou.
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Figure 6. Spatial distributions of relative contributions of PUE chain components and their interac-
tion terms to PUE variance during 2003-2022. (a-d) Relative contributions of individual chain com-
ponents. (e—j) Relative contributions of pairwise interaction terms. (k1) Spatial distributions of the

first and second dominant contributors, respectively.

The dominant-term maps further showed that the leading contributor was spatially
consistent (Figure 6k,1). SM/PRE ranked first across 96.77% of the study area. The second-
ranked contributor, by contrast, showed stronger spatial heterogeneity: T/ETNSM/PRE
was most frequent (29.11%), followed by GPP/TNET/SM (17.94%), GPP/TnSM/PRE
(15.79%), and ET/SMNSM/PRE (14.08%). Overall, SM/PRE was the main contributor to
PUE variability, while its interaction terms explained additional regional and phase-spe-
cific differences.

3.3. Environmental Drivers of PUE Chain Components
3.3.1. Model Performance Evaluation

Figure 7 shows the prediction performance for each chain component under the four
landform and drought-humid scenario combinations. Model performance differed across
both scenarios and components. Across the 16 modeling cases, no single algorithm was
the best in every case, indicating that the environmental responses of the chain compo-
nents varied by scenario.
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Figure 7. Model performance for the four PUE chain components under different landform types
and drought-humid scenarios. Columns show the four scenarios: K-Drought, K-Humid, NK-
Drought, and NK-Humid. Rows show the three performance metrics: R, RMSE, and MAE. Within
each panel, the horizontal axis shows the chain components, and the vertical axis shows the six
models. Cell values give the model performance, and colors show the relative performance among

models for the same chain component.

Among the individual models, CatBoost ranked first most often, giving the best per-
formance in 11 of the 16 cases. Under the K-Drought scenario, CatBoost had the highest
accuracy for all four components, GPP/T, T/ET, ET/SM, and SM/PRE, with R? values of
0.905, 0.837, 0.886, and 0.924, respectively. Under K-Humid, CatBoost performed best for
T/ET, ET/SM, and SM/PRE, with R? values of 0.796, 0.894, and 0.936, respectively. XGBoost
gave the best individual-model result for GPP/T (R2 = 0.896). Under NK-Drought, Cat-
Boost ranked first for GPP/T and T/ET (R2=0.920 and 0.915), while GBRT performed best
for ET/SM (R2=0.871) and XGBoost for SM/PRE (R? = 0.927). Under NK-Humid, CatBoost
again ranked first for GPP/T and T/ET (R?=0.899 and 0.889), whereas XGBoost performed
best for ET/SM and SM/PRE. These results show that the best individual model depended
on the landform type, drought-humid condition, and chain component.

By comparison, the Stacking model exhibited greater consistency and stability across
scenarios. It achieved the highest R? in 15 of the 16 cases, with MAE and RMSE generally
at the lowest levels. The only exception was ET/SM under K-Humid, where CatBoost
achieved a marginally higher R? (0.894) than Stacking (0.892). In terms of the mean R2
across the four chain components, the NK-Drought, NK-Humid, K-Drought, and K-Hu-
mid scenarios yielded values of 0.911, 0.905, 0.891, and 0.883, respectively, indicating
slightly better overall performance in non-karst areas than in karst areas. Although indi-
vidual models attained high accuracy in specific scenario-component combinations,
Stacking outperformed them in most cases. In addition, residual spatial autocorrelation
analysis showed low Moran’s I values and high effective sample size ratios across the 16
scenario—component combinations, indicating that residual spatial dependence after ac-
counting for the environmental predictors was weak (Supplementary Note S3). Subse-
quent driver identification and SHAP-based interpretability analyses were therefore con-
ducted using the Stacking model.
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3.3.2. Relative Importance of Environmental Factors

To reveal the differentiated driving effects of environmental factors on PUE chain
components, stacking ensemble models were constructed for the four chain components
under drought and humid conditions in both karst and non-karst areas, and SHAP was
applied to quantify the relative importance of each environmental factor (Figure 8). Across
the four chain components, the leading factors were relatively stable under different sce-
narios, but the top three factor combinations and their importance shares differed notably.
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Figure 8. SHAP summary plots for each PUE chain component under different geomorphological
types and drought-humid scenarios. Panels (a—d), (e-h), (i-1), and (m-p) correspond to the K-
Drought, K-Humid, NK-Drought, and NK-Humid scenarios, respectively, with GPP/T, T/ET,
ET/SM, and SM/PRE shown in sequence within each group.

For GPP/T, SRAD was the top-ranked factor in all four scenarios, with importance
shares of 30.44-44.03%. The top three factor combinations were SRAD-Elevation-VPD,
SRAD-Slope-VPD, SRAD-Elevation—Runoff, and SRAD-VPD-Runoff under K-Drought,
K-Humid, NK-Drought, and NK-Humid, with cumulative shares of 59.74%, 61.75%,
49.47%, and 55.04%; the cumulative shares in karst areas were generally higher than those
in non-karst areas. The SHAP summary plot showed that increases in SRAD and VPD
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tended to reduce GPP/T SHAP values. For T/ET, LAI ranked first in all scenarios, with
importance shares of 22.65-27.63%. The top three combinations in both karst scenarios
were LAI-VPD-AI, while those in non-karst areas were LAI-Elevation—-VPD and LAI-
Elevation—Al, with cumulative shares of 52.05%, 51.13%, 46.84%, and 46.81%, indicating
that high-importance factors were more concentrated in karst areas. The SHAP summary
plot showed that increases in LAI and VPD generally raised T/ET predictions, whereas
increases in Al and Elevation tended to lower them.

For ET/SM, SRAD was likewise the dominant factor across all four scenarios, with
importance shares of 35.73-39.98%. The top three combinations were SRAD-GWSA-
Wind, SRAD-GWSA-Elevation, SRAD-Wind-LAI, and SRAD-LAI-GWSA, with cumu-
lative shares ranging from 58.69% to 61.51% —relatively similar across scenarios. Increases
in SRAD and LAI generally raised ET/SM predictions, while increases in GWSA and Run-
off tended to lower them. SM/PRE, by contrast, was dominated by Al, with importance
shares of 24.71-29.49%. The cumulative shares of the top three factors ranged from 55.14%
to 62.45%, and were generally higher under drought scenarios than under humid scenar-
ios. The corresponding top three combinations were AI-TMP-SRAD, AI-SRAD-GWSA,
AI-TMP-Elevation, and AI-TMP-Elevation. Increases in Al and TMP generally reduced
SM/PRE predictions; in karst areas, increasing GWSA tended to raise SM/PRE predictions,
whereas its directional effect was less clear in non-karst areas. Overall, the high-im-
portance factor compositions of GPP/T and ET/SM were relatively stable, while T/ET and
SM/PRE exhibited more pronounced scenario-specific differences.

3.3.3. SHAP Dependence Relationships of Dominant Factors

To further compare the response differences in dominant factors across scenarios,
SHAP dependence plots of the leading factors were generated for the four PUE chain com-
ponents under K-Drought, K-Humid, NK-Drought, and NK-Humid scenarios (Figure 9). A
SHAP value above zero indicates that an increase in the factor value raises the model pre-
diction of the corresponding component, a value below zero indicates a reduction, and
the position where SHAP equals zero approximates the threshold at which the influence
direction reverses. Across the four components, the dominant factors showed similar re-
sponse directions among scenarios, but their threshold positions differed.

For GPP/T, SHAP values generally decreased as SRAD increased, changing from pos-
itive to negative effects. The SHAP = 0 thresholds were approximately 1270.09, 1221.30,
1330.23, and 1269.22 under K-Drought, K-Humid, NK-Drought, and NK-Humid, respec-
tively. Thresholds were higher under drought than under humid conditions, and higher
in non-karst areas than in karst areas. For T/ET, SHAP values increased with LAI, chang-
ing from negative to positive effects. The thresholds were approximately 2.28, 2.46, 2.79,
and 2.96. Non-karst areas had higher thresholds than karst areas, and humid scenarios
had higher thresholds than drought scenarios.

For ET/SM, SHAP values increased with SRAD. Thresholds were approximately
1285.70,1235.47, 1335.77, and 1281.76 under K-Drought, K-Humid, NK-Drought, and NK-
Humid —a scenario pattern resembling that of GPP/T, with drought-scenario thresholds
higher than humid-scenario thresholds and non-karst thresholds higher than karst thresh-
olds. For SM/PRE, SHAP values declined with increasing Al, with thresholds of approxi-
mately 1.42, 1.92, 1.42, and 1.86. Under drought scenarios, karst and non-karst thresholds
were identical, while under humid scenarios the karst threshold was slightly higher than
the non-karst threshold. In general, the response directions of the dominant factors re-
mained stable across scenarios, but the thresholds at which influence directions reversed
were jointly modulated by the landform type and drought-humid condition.
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Figure 9. SHAP dependence plots for the dominant driving factors of each PUE chain component
under different geomorphological types and drought-humid scenarios. (a—d) show the SHAP re-
sponse relationships for GPP/T-SRAD, T/ET-LAI, ET/SM-SRAD, and SM/PRE-AI under K-
Drought, K-Humid, NK-Drought, and NK-Humid scenarios, respectively.

4. Discussion
4.1. Process-Chain Diagnosis of Carbon—Water Coupling in Vulnerable Land Ecosystems

Water-use efficiency describes how terrestrial ecosystems couple carbon gain with
water use. Previous studies have commonly used WUE, SWUE, and PUE to summarize
the overall relationship between vegetation productivity and a particular water-related
variable. These indices, however, say little about what happens after rainfall enters the
soil, or how soil water retention, evapotranspiration output, and transpiration partition-
ing jointly support carbon fixation through a sequence of ecohydrological steps [8-10]. By
developing a chain decomposition framework, this study shifts the analysis of precipita-
tion use efficiency from differences in the endpoint ratio to the identification of constraints
within the intermediate stages.

The results in Section 3.2 show that the spatial and temporal variation in PUE was
associated with the combined variation in several chain components and their interaction
terms. A direct comparison between GPP and precipitation alone therefore makes it diffi-
cult to identify which intermediate terms are most closely related to changes in carbon-
water coupling. This limitation is especially relevant in karst regions, which are vulnera-
ble land ecosystems characterized by thin soils, complex water transport pathways, and
strong surface-subsurface hydrological coupling [18,19]. In addition, the regional com-
parison in Section 3.1 showed significant differences in PUE and all four chain compo-
nents between karst and non-karst areas. The log-ratio mean decomposition further indi-
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cated that the higher mean PUE in non-karst areas was mainly associated with positive
differences in ET/SM and T/ET, especially ET/SM, whereas GPP/T and SM/PRE partly off-
set this difference (Table S3). The chain framework used here therefore helps link regional
PUE differences with the diagnostic terms and interaction structures that contribute to
PUE variability. In doing so, it provides a more structured diagnostic interpretation of
carbon-water coupling and offers a practical basis for identifying potential water-use lim-
itation stages and informing regional soil and water management.

4.2. Dominant Ecohydrological Signals Revealed by Chain Decomposition

The variance—covariance decomposition identified SM/PRE as the largest contributor
to the temporal variability of vegetation precipitation use efficiency in Southwest China.
Additional log-space, signed, and five-factor decompositions confirmed that this result
was not sensitive to the Taylor approximation. They further showed that the large contri-
bution of SM/PRE was mainly associated with the sensitivity of PUE to PRE variation
(Supplementary Note S1). Therefore, within the chain framework used here, SM/PRE
should be interpreted as a diagnostic ratio describing soil moisture status relative to pre-
cipitation input, rather than as direct physical evidence of precipitation-to-soil-water or
root-zone-water conversion. Verifying the actual links among precipitation, soil water,
and vegetation water use would require more direct hydrological evidence, such as stable
isotope observations across different soil layers [62]. Such information was beyond the
scope of the present remote-sensing-based decomposition. Previous studies have shown
that soil moisture and antecedent moisture conditions are closely related to vegetation
water stress and drought propagation [63,64]. Thus, the large contribution of SM/PRE-
related terms indicates that temporal changes in PUE were closely associated with precip-
itation sensitivity and soil moisture status relative to precipitation input. Evapotranspira-
tion output, transpiration partitioning, and transpiration-based carbon fixation further
shaped the final PUE variation.

The phase analysis provides a temporal perspective on this interpretation. By com-
bining breakpoint detection with drought-index information, we found that interaction
terms contributed more than independent terms during 2009-2014, when PUE fluctuated
strongly and drought conditions were more severe. During 2015-2022, when PUE gradu-
ally recovered, the independent contribution of SM/PRE increased markedly. This pattern
suggests that chain components were more tightly coupled during periods of stronger
climatic fluctuation. In contrast, the later recovery of PUE was more closely associated
with variation in the SM/PRE-related diagnostic term.

The SHAP results further clarified which environmental signals were associated with
different parts of the chain. GPP/T and ET/SM were both mainly associated with SRAD,
but their response directions differed. Higher SRAD was associated with higher ET/SM
but lower GPP/T, suggesting that radiation-related energy supply and atmospheric de-
mand may affect evapotranspiration output and carbon gain per unit transpiration in dif-
ferent ways [3,65]. T/ET was mainly related to LAI, consistent with the role of canopy
structure in regulating the transpiration fraction [17]. SM/PRE was most strongly related
to the aridity index, suggesting that background water balance is an important external
condition shaping soil moisture status relative to precipitation input [10].

The threshold results showed broadly similar response directions but clear differ-
ences in threshold positions between drought and humid scenarios. Under drought con-
ditions, the SRAD thresholds for GPP/T and ET/SM were generally higher than those un-
der humid conditions. This suggests that, when water is limited, the response of radiation-
related effects may shift only at higher radiation levels. Previous studies have also shown
that stronger radiation during drought is often accompanied by higher evaporative de-
mand and greater moisture-deficit pressure, which do not necessarily increase carbon fix-
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ation and evapotranspiration output simultaneously [65-68]. The LAI threshold for T/ET
was generally higher under humid conditions, implying that a larger transpiration frac-
tion may require more developed canopy cover when water is relatively sufficient [69-71].
In contrast, the Al threshold for SM/PRE was lower under drought conditions, indicating
that the early diagnostic stage of the PUE chain is more sensitive to background water-
balance changes under water-limited conditions [64,68,72,73].

4.3. Diagnostic Differences Between Karst and Non-Karst Areas

Differences along the PUE chain between karst and non-karst areas suggest that the
main diagnostic stages associated with PUE variation differed between the two landform
types. Karst areas showed relatively higher GPP/T and SM/PRE, whereas non-karst areas
showed relatively higher T/ET and ET/SM, with overall PUE being higher in non-karst
areas. This suggests that the relative advantages of karst areas in soil moisture status and
transpiration-based carbon fixation did not necessarily translate into higher overall PUE.
In contrast, the higher T/ET and ET/SM in non-karst areas were important diagnostic
terms associated with their higher PUE. The PUE difference between the two landform
types was therefore more likely related to the combined variation in multiple chain com-
ponents rather than to a single efficiency term.

This contrast may be linked to stronger subsurface or near-surface water-storage sig-
nals in karst areas. The SHAP results showed that GWSA ranked among the top three
important factors for ET/SM in karst areas under both drought and humid scenarios. In
non-karst areas, however, GWSA entered the top three only in selected scenarios and at
lower ranks. In karst areas, thin soils, permeable bedrock, and well-developed fracture
systems form a dual surface—subsurface hydrological structure, which may make the up-
stream and intermediate stages of the PUE chain more closely associated with subsurface
or near-surface water-storage conditions [18,20,74-76]. It should also be noted that the SM
data used in this study represent an integrated value over the 0-1 m depth range. In karst
areas, this signal may partly include shallow fracture water or epikarst storage infor-
mation [20,74]. Therefore, the combination of slightly higher SM and lower ET/SM in karst
areas suggests that higher water-storage signals do not necessarily correspond to higher
evapotranspiration output relative to the soil moisture pool.

Response thresholds derived from SHAP dependence relationships further suggest
that some chain components in karst areas may be more sensitive to environmental vari-
ation. Under the same drought-humid conditions, the SRAD thresholds for GPP/T and
ET/SM, as well as the LAI threshold for T/ET, were lower in karst areas than in non-karst
areas. This indicates that model-inferred response transitions occurred at lower predictor
values in karst areas when radiation conditions strengthened or canopy structure changed.
These thresholds should be understood as apparent transition points inferred from the
model, rather than as strict physical thresholds. Nevertheless, their systematic differences
between the two landform types suggest that the intermediate diagnostic stages in karst
areas may respond more sensitively to environmental fluctuations [21,72].

The dominant factor combinations also differed between the two landform types. In
karst areas, the high-importance factors for T/ET were mainly represented by the LAI-
VPD-AI combination, suggesting that transpiration partitioning was jointly associated
with canopy structure, atmospheric dryness, and background water balance. In non-karst
areas, the LAI-Elevation combination was more prominent, indicating a stronger associ-
ation with vegetation structure and topographic setting. Overall, karst areas showed more
prominent subsurface or near-surface water-storage signals and more sensitive model-
inferred response thresholds, whereas non-karst areas showed diagnostic patterns more
closely related to near-surface hydrothermal conditions and topographic setting.
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4.4. Implications for Vulnerable Land Ecosystems and Sustainable Land Management

These results help explain why vulnerable land ecosystems may respond differently
under changing hydroclimatic conditions. In Southwest China, karst landscapes are char-
acterized by thin soils, strong surface—subsurface hydrological connectivity, and uneven
water-storage conditions. These features make vegetation productivity sensitive to
changes in water availability [18,20]. The chain decomposition results showed that PUE
variation was mainly concentrated around SM/PRE-related diagnostic terms and their in-
teractions with other chain components. This suggests that carbon-water coupling in this
region is not determined only by transpiration-based carbon fixation or evapotranspira-
tion partitioning. It is also closely associated with the soil moisture condition maintained
relative to precipitation input, although this ratio should not be interpreted as a direct
measure of precipitation conversion into plant-available water.

This point is particularly relevant to karst landscapes, where high precipitation does
not always translate into effective ecological water supply [18,74]. The stronger GWSA-
related signal and lower model-inferred response thresholds in karst areas suggest that
vegetation—water relationships may respond more sensitively to changes in radiation,
canopy structure, aridity background, and subsurface water conditions. Ecological resto-
ration in karst regions should therefore not focus only on increasing vegetation cover or
productivity. Because vegetation dynamics can also modify soil moisture and runoff pro-
cesses [77], soil moisture retention, subsurface water conditions, vegetation water demand,
and the possible mismatch between water-storage signals and effective water output
should be considered together.

For land management, the process-chain perspective can help identify the stages
where potential water-use limitations may occur along the pathway from precipitation
input to carbon fixation. Where SM/PRE-related diagnostic terms make a large contribu-
tion, measures that conserve soil water, reduce rapid runoff and leakage where feasible,
and maintain vegetation structures suited to local water availability may be more useful
than approaches aimed only at increasing biomass [18,24]. More broadly, this perspective
has important implications for water-resource management under changing land-use con-
ditions [78-80]. In non-karst areas, higher PUE was more closely associated with transpi-
ration partitioning and evapotranspiration output. Vegetation structure and near-surface
hydrothermal conditions may therefore require more attention. Management strategies
should differ between karst and non-karst landscapes according to the main diagnostic
stages associated with PUE variation.

The framework may also be useful for assessing vegetation-hydrology—climate re-
sponses in other vulnerable land ecosystems. By linking precipitation input, soil moisture
status, evapotranspiration output, transpiration partitioning, and carbon fixation, it
moves the analysis beyond terminal efficiency ratios. More importantly, it helps identify
intermediate diagnostic stages where water-use limitations may emerge. This can support
ecological restoration planning, drought adaptation, and sustainable management in het-
erogeneous land systems exposed to climate variability and global change.

4.5. Limitations and Future Directions

Several limitations remain in this study. First, the growing-season annual data used
here can capture interannual variation and spatial patterns in PUE, but they cannot re-
solve short-term ecohydrological responses. Second, although we selected data products
that have shown good performance in similar regions and applied consistent prepro-
cessing, retrieval errors and scale mismatches remain unavoidable in multi-source da-
tasets [45,81]. The magnitudes of the decomposition terms may also change if alternative
GPP, ET, T, SM, PRE, or groundwater products are used. In addition, pixel-level accuracy,
Kappa, and confusion-matrix validation were unavailable for the karst/non-karst map,
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which may add uncertainty near lithological boundaries or mixed grid cells. Third, the
chain decomposition framework can identify where PUE variability is mainly concen-
trated along the sequence of precipitation input, soil moisture status, evapotranspiration
output, transpiration partitioning, and carbon fixation. However, it does not explicitly
simulate hydrological processes such as runoff generation, infiltration, drainage, ground-
water flow, or water-transfer pathways.

The Stacking model and SHAP analysis used in this study were useful for identifying
important predictors and nonlinear response patterns. The use of Stacking also reduced
the dependence on any single machine learning algorithm. Nevertheless, the attribution
results should be interpreted as model-based statistical contributions and associations
among the variables included in the analysis. They do not establish causal relationships
in a strict sense. Although residual spatial autocorrelation was assessed, spatial blocking
cross-validation was not performed; therefore, the ML-SHAP results should be inter-
preted as explanatory associations within the study region rather than spatially transfer-
able predictions.

Future work could examine PUE and its intermediate components at within-year
time scales, where short-term hydrological responses and seasonal vegetation adjust-
ments can be better identified. Field observations, such as layered soil moisture measure-
ments, groundwater-level monitoring, and isotope-based water-source tracing, would
help constrain the physical meaning and uncertainty of key diagnostic terms [62]. Another
useful step would be to combine the chain decomposition framework with process-ori-
ented hydrological models and causal-inference approaches [82,83]. Such approaches
could provide useful guidance for incorporating more explicit constraints on runoff gen-
eration, infiltration, drainage, and groundwater flow into future PUE chain diagnosis.
They would also help test and refine the interpretation of how different ecohydrological
stages are associated with carbon-water coupling in terrestrial ecosystems. Such work
could provide stronger support for ecological restoration, agricultural water management,
and adaptation planning in vulnerable land ecosystems under climate change.

5. Conclusions

This study developed a PUE chain decomposition framework (PUE = GPP/T x T/ET

x ET/SM = SM/PRE) and combined variance decomposition, Stacking ensemble learning,

and SHAP analysis to diagnose the chain components and environmental associations of

PUE variability across karst and non-karst landscapes in Southwest China. The main con-

clusions are as follows:

(1) PUE and its chain components exhibited pronounced spatiotemporal heterogeneity.
Spatially, PUE was generally higher in non-karst areas than in karst areas, with sig-
nificant differences in all chain components between the two landform types. Tem-
porally, PUE followed a three-phase trajectory, characterized by an initial decline,
intensified fluctuations during the middle period, and recovery growth in the later
period.

(2) Variance decomposition identified SM/PRE and its associated interaction terms as
major contributors to PUE variability, mainly reflecting the sensitivity of PUE to pre-
cipitation variation and soil moisture status relative to precipitation input. Phase-
specific changes in PUE were accompanied by shifts between independent chain-
term contributions and interaction contributions, suggesting that the diagnostic
structure of PUE varied with hydroclimatic background.

(3) Differences in PUE between karst and non-karst landscapes were associated with the
combined variation in multiple chain components rather than a single efficiency
term. Karst landscapes showed relatively higher GPP/T and SM/PRE, whereas non-
karst landscapes showed relatively higher T/ET and ET/SM. The SHAP results fur-
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ther indicated stronger GWSA-related signals and lower model-inferred response

thresholds in karst areas, while non-karst areas were more closely associated with

near-surface hydrothermal conditions and topographic setting.

(4) Different chain components were associated with distinct environmental signals.
GPP/T and ET/SM were both mainly associated with solar radiation but showed op-
posite response directions. T/ET was mainly associated with leaf area index, whereas
SM/PRE was primarily associated with the regional moisture background. The re-
sponse thresholds of dominant factors differed between landform types and
drought-humid conditions, indicating that the environmental sensitivity of PUE
chain components varied across scenarios.

(5) Future studies should apply the chain decomposition framework at finer temporal
scales and integrate field observations, process-oriented hydrological models, and
causal-inference approaches. These efforts would help constrain the physical mean-
ing of key diagnostic terms and refine the interpretation of carbon-water coupling in
vulnerable land ecosystems.

Overall, this study shows that the PUE chain decomposition framework can help
identify the diagnostic stages and environmental associations underlying PUE variability
across contrasting landforms. The framework provides a useful basis for assessing car-
bon-water coupling in vulnerable land ecosystems and for informing ecological restora-
tion and sustainable land management under changing hydroclimatic conditions.
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Abbreviations
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Al Aridity index

ASPcos Cosine-transformed aspect
ASPsin Sine-transformed aspect
Ccv Coefficient of variation

ET Evapotranspiration

GPP Gross primary productivity
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GWSA Groundwater storage anomaly
KA Karst area

K-Drought Karst drought scenario
K-Humid  Karst humid scenario

NKA Non-karst area

NK-Drought Non-karst drought scenario
NK-Humid Non-karst humid scenario

LAI Leaf area index

MAE Mean absolute error

PET Potential evapotranspiration

PRE Precipitation

PUE Precipitation use efficiency

RC Relative contribution

RF Random forest

RMSE Root mean square error

SHAP Shapley additive explanations

SM Soil moisture

SPEI Standardized Precipitation Evapotranspiration Index
SRAD Surface solar radiation downwards
SSE Sum of squared errors

SWUE Soil water-use efficiency

T Transpiration

T™P Temperature

TWI Topographic wetness index

VPD Vapor pressure deficit

WSA Whole study area

WUE Water use efficiency
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